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Abstract
Systems biology offers the opportunity to understand the complex mechanisms of various
biological phenomena. The wealth of data that is produced, at an increasing rate, provides
the potential to meet this opportunity. Here we take an applied approach to integrate
multiple omic level data sources in order to generate biologically relevant hypotheses. We
apply a novel analysis pipeline to model both, in concert, the microbial and transcriptomic
signature from COVID-19 positive patients. We show patients may suffer from an increased
microbial burden, with an increased pathogen potential. Gene expression evidence further
shows patients may exhibit a compromised barrier immunity, owing to the dysfunctional
mechanism underlying cilia-associated mucosal clearance.
We apply a similar pipeline together with genomic variant data in black cottonwood,
Populus trichocarpa.

Here we aim to understand host molecular mechanism that may

play a role in microbial community structure.

We characterize the microbial diversity

from population wide leaf and xylem samples of 433 genotypes. From this information
we derive microbial phenotypes for a Genome Wide Association Study (GWAS). We
find significant associations between microbial taxa and genes involved in plant signaling,
phytohormone response, epigenetic regulation, and biotic stress response among others.
Population structure derived from the similarity of microbial communities across genotypes
has associations with distinct taxa and genes involved in antagonistic phytohormone
pathways.
As a further step towards integrating multiple omic data sets, we develop a deep learning
framework.

Our framework allows for the modeling of heterogenous, noisy, and high-

dimensional data. We use a transformer mechanism together with an autoencoder to embed
the omic data into a common topology. By analyzing the attention weights, we can interpret
vi

how the topology relates to the original features. We profile our framework on several real
biological data.
Multi-omic data analyses in systems biology allow us to improve our current understanding of many biological phenomena. Such as generating hypotheses that may help develop
therapeutics for COVID-19 patients. Our analyses also provide a wealth of information on
avenues to explore regarding host-selection mechanism that may influence microbial diversity.
Deep learning frameworks may also provide additional lines of evidence for hypothesis
generation.
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Chapter 1
Introduction

1

1.1

Background and Research Objective

There are several definitions of what exactly systems biology entails. Though a common
understanding of a systems approach is that it involves a multi-disciplinary integration
of several data types to understand biology from a holistic viewpoint, often leveraging
computational approaches. The different data types are utilized to capture different layers
of interacting biological sources of information that, through their complexity, gives rise to
the entire biological entity. In particular, if we observe a human or plant system there are a
number of layers we can define. For simplicity, concision, and for the purposes of this thesis,
we define these layers from a cellular viewpoint. We therefore have a range of complex
interactions that give rise to a cell, a common element to almost all biological systems. The
interacting sources of information are therefore at the level of transcription, translation,
degradation, and metabolic interactions that happen within and between cells. The nature
of these layers, their complexity, and how they interact may differ from cell-type, tissue, and
organism. Though there are enough fundamentals that make comparison and approaches
developed for one particular situation applicable to another.
We often discuss the layers from the aforementioned cell-level view in terms of the
information and data obtained by measurements from studies of these respective layers.
They are referred as omic-level measurements and correspond to the fields of study called
genomics, transcriptomics, proteomics, metabolomics, etc. In systems biology our improved
understanding therefore arises from combining these omic-data sources to obtain a more
comprehensive perspective of the biological question we are asking, hence a multi-omic
approach.
The research objective of this thesis is to understand a particular type of omic level
information, namely the microbiome and its role in a plant and human system. Information
on the microbiome in this case is captured by metatranscriptomic measurements. Studies of
the microbiome in a human system are often discussed in the context of a disorder or disease
state. Thus, in our case we study the microbiome of patients hospitalized with COVID19. In particular we investigate the potentially compromised innate immunity of severe
COVID-19 patients, and role that the microbiome may play under this disease condition.

2

Here we leverage information from the metatranscriptome as well as the transcriptome.
As background, we therefore provide an overview of microbiomes from a human health
perspective and the initial lines of defense. Immunology is a very broad and complex field,
and a full characterization of the human immune system is beyond the scope of this thesis.
For plant systems there is a larger variety of perturbations for which the microbiome is
often studied. These may include disease states, owing to biological stresses, often called
biotic stresses. Though, microbiome-plant interactions are also studied for abiotic stresses,
or to understand plant growth and the role of the microbiome, or even to understand plantmicrobial interactions from a more fundamental scientific perspective. For our purposes,
we investigate a large-scale population association of Populus trichocarpa trees and their
putative microbiomes. With P. trichocarpa serving as an important bioenergy feedstock. In
particular, we leverage the large population scale information in a genome wide association
study (GWAS). Viewing the metatranscriptome estimates of the microbiome as phenotypes.
From a omic-level characterization we integrate information from metatranscriptomic,
genomic, and transcriptomic layers. Therefore as background we provide a review of potential
plant mechanisms that may play a role in shaping the plant’s microbiome. We expand on this
background in the next chapter. The remainder of this chapter will focus on the perspective
from the human host.

1.2

Host-microbe interaction in humans

The microbiome is generally considered to be the microbial community comprising a
collection of bacteria, fungi, viruses, and archaea within a particular system. In humans
the traditional systems considered when discussing microbiomes are the gut and respiratory
systems, though skin microbiome research is becoming more prevalent [68]. Of the microbes
that humans play host to bacteria have received considerable attention, however there is
growing interest in the role of other microbes [16]. The more dominant bacteria phyla across
the human body are Actinobacteria, Bacteroidetes, Firmicutes, and Proteobacteria [461].
Individual microbes, and the community they are part of, interact with the host and this

3

interaction may impact human health. Thus, understanding the host-microbe and microbemicrobe interplay becomes relevant when exploring human diseases or disorders.
The microbial community itself is not necessarily static [163]. The dynamic behavior of
the community may shift its composition under perturbation. If the perturbation is a disease
state or pathogen then the nature of the shift may provide insight into disease progression,
pathogenicity, and potential therapeutics. These shifts in microbial composition are often
phrased in the context of microbial dysbiosis.

Leveraging high-throughput sequencing

technologies with statistical and machine learning approaches has allowed researchers to
begin to understand the impact of dysbiosis on human health [328, 421].
Interactions between the host and a microbe is not unidirectional. The intra microbiome
interactions, such as pathogen antagonism, may shift and shape the microbial community
structure [157].

A balanced microbial and immune response therefore appears to be

important to preserve non-pathogenes and remove pathogens from the community. Microbes
themselves may illicit an immune response, which may then influence microbial community
structure [186]. Studies of gnotobiotic or germ-free animal models have also highlighted the
potential role of microbial community on metabolism, tissue development, and overall health
[526, 391, 509]. In particular, in rats the microbial associated immune response may impact
mucosal structure [582]. Interestingly, commensal bacteria may also leverage the immune
system to facilitate mucosal colonization [408].
The complexity of the host-microbe interaction therefore serves as a rich area of research
and an improved understanding of these may have real world impact. Here we briefly review
the nature of microbial dysbiosis and the role it may serve in the gut and lung. We provide
an overview of characteristics elicited by dysbiosis in these systems and how they may relate
to each other or the whole system. Given the importance of the role of the immune system we
also briefly look at the various lines of defense that are classically associated with microbial
human interaction.

1.2.1

Microbial dysbiosis and human health

The prototypical characteristics of a healthy system-specific microbiome is one that is
defined by its diversity and its capacity to return to homeostasis after perturbation [291].
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Dysbiosis refers to the disruption of the stable state beyond the capacity of the microbiome
to return to stability [374]. It is the disruption of this stability that has been associated
with disease states [374]. There are several factors that may influence, or perturb, the
microbial composition and thereby potentially lead to dysbiosis. A non-exhaustive list of
these include environmental stresses, host-associated factors, and interactions among the
microbial community itself [429]. Large scale population studies of the gut microbiome
have indicated that the host-genetic factors play a significant role in explaining microbial
community structure [171, 54]. As expected, of the host associated factors, metabolism
and genetic-associated variation in immune response pathways are critical factors [54]. In
addition, evidence suggests that microenvironmental influences such as medication may also
play an important role in explaining the variation of microbial community composition
[133, 434]. The microbial community structure may in turn also affect host metabolism
and the efficacy of treatment interventions [180, 172, 373]. Furthermore, dietary influences,
another microenvironmental factor, on the microbiome have also been found to be significant
[229]. In a large scale twin study it was found that environment also correlates with gut
microbial composition [537]. Macroenvironmental influences, such as seasonality, may also
impact microbial composition [455]. These therefore suggest that there are combinatorial
influences on microbial community structure by external factors, with the potential of these
influences to be mediated by host factors.
Studies into the nature of dysbiosis are often discussed in one or more of the following
terms; as an increase in putative pathogenic microbes, the loss of beneficial microbes, or a
shift in diversity of the microbiome [510, 269]. To identify important sets of pathogenic or
beneficial microbes that may be associated with a phenotype, analyzing the substructure
of the microbiome becomes relevant. Research into understanding the nature of general
substructures in the microbiome has lead to the concept of enterotypes [24]. Originally,
enterotypes referred to stable disjoint clusters of the microbiome that explain a large portion
of the variance in a microbial community.

Though evidence since suggests that these

groupings may not be stable, may vary, and are not necessarily disjoint [84]. Nevertheless,
they can serve as microbial community features to delineate dysbiosis associated with a
phenotype. Studies have shown that these features associate with phenotypes, such as
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pharmacokinetics, insulin resistance, and appear indifferent to short-term dietary changes
[97, 392, 373, 534].
A noteworthy criticism of these discussions are that they are not necessarily descriptive,
contextual, or actionable. Therefore a more functional interpretation of the microbiome
view, as compared to taxonomic only view, may provide an improved understanding [269]. A
further concern in disease-dysbiosis association involves defining a healthy control comparison
[269, 430]. Given the potential multivariate complexity of the microbial composition and
interactions it may be insufficient to simply compare a disease cohort to a putatively health
control. As previously indicated there are a number of confounders that may influence
microbial composition, where these may be neglected in classical case control studies.
Furthermore, it is an open discussion whether or not a singular healthy microbiome profile
exists for a particular system. Dysbiosis association studies have also primarily focused
on perturbations which may ignore the dynamical interactions that may take place among
members of the microbial community.

1.2.2

A systems view of dysbiosis in the gut and respiratory
system.

Gut microbial symbiosis develops from birth and continues to develop and potentially
change throughout a person’s lifetime [244, 91]. Bacteria in the gut appear to dominate
from the Bacteriodetes and Firmicutes phyla [98]. The nature and impact of dysbiosis
in the gut has been widely studied, with the observation of dramatic shifts in microbial
composition observed in critically ill patients, chronic conditions, behavioral disorders, and
acute disease [313, 122, 39, 372]. A consistent finding in several gut dybiosis studies is that
a loss of diversity is associated with a poor outcome or a disease state [122]. Bacterial
translocation may play a role in the diversity shift during disease [144]. Disruption of barrier
immunity in the gut also appears to be associated with bacterial translocation and sepsis
[557]. In particular, critical illness is also associated with enteric colonization of bacteria
that may promote bacterial translocation and sepsis [298]. Interestingly, shifts in microbial
diversity also appears to be a critical factor in sepsis survival [138]. There thus appears
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to be a connection between dysbiosis, bacterial translocation, and sepsis. In one study, gut
permeability and microbial dysbiosis was found in individuals exhibiting alcohol dependence,
depression, and anxiety [264]. In chronic kidney disease gut microbial dysbiosis also seems to
play an important role in bacterial translocation and in explaining the systemic inflammation
associated with the disease [18]. Bacterial translocation associated with microbial dysbiosis
in the gut also appears to have an important role in a number of conditions such as preeclampsia, cirrhosis, depression, obesity, and pancreatitis [82, 331, 452, 533]. Importantly, the
association between microbial dysbiosis and sepsis has been suggested which requires clearer
clinical investigation [6]. The lack of causal inference makes it challenging to determine
the extent of dysbiosis-associated translocation on gut microbiome phenotypes. However,
there is evidence that translocation affects systemic immune activation, thereby providing a
putative mechanism [128]. Together, these results suggest that the gut microbial association
to disease may require a systems approach to study dysbiosis, where shifts in microbial
composition may have potential pleiotropic effects on human health.
The phenotypes associated with dysbiosis in the respiratory system has been less widely
reported than the gut.

This may be due to the previously held belief that the lung,

under normal conditions, was an inherently sterile environment, the idea first proposed
by Hildebrandt in 1888 [193]. The key premise of this assumption was that evidence of
microbial reproduction in the lung was confounded by contamination. Furthermore, that
this reproduction was a necessary requirement to define a microbial community. For a review
on the history of this assumption see [112]. In contrast to the common pattern of decreased
diversity of gut microbiota in disease states, respiratory microbiota have a less clear pattern
under disease conditions. The respiratory system comprises the upper respiratory systems
(nasal and oral) and the lower respiratory system (lung). These appear to have different
bacterial profiles. The nasal system appears to exhibit a dominance of Actinobacteria and
Firmicutes bacterial phyla. The oral and lung are dominant in Bacteroidetes and Firmicutes
bacteria [207]. An increased burden of bacteria, and mutations in a mucin production
gene MUC5B, was associated with mortality in patients with idiopathic pulmonary fibrosis
(IPF)[326]. While an overall decrease in microbial diversity was predictive of mortality for
IPF patients [472]. In contrast, in asthmatic patients an increase in diversity was associated
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with bronchial hyperresponsiveness to corticosteroids [205]. In cystic fibrosis (CF) patients
there is no evidence to suggest diversity shifts are associated with disease [71]. However age
may be an important confounder, for example a CF study in children found evidence of a
decreased diversity of upper respiratory microbiome associated with CF [420]. Furthermore,
a longitudinal study of CF patients showed a loss of bacterial diversity for older patients
compared to younger patients [99]. Infants with acute infection of the human rhinovirus
displayed an increased diversity in the nasal microbiota compared to those infected with
respiratory syncytial virus [405]. Compared to healthy controls, infants with symptomatic
HSV infection had a lower diversity in nasal microbiota [249]. In people that suffer from
chronic obstructive pulmonary disease (COPD), the lung microbiome appears to exhibit
changes associated with the disease state and severity [519, 126]. Furthermore, in COPD
the microbial shifts may be attributed to keystone bacterial species [519]. Shifts in specific
bacterial populations, such as Gammaproteobacteria also appear to increase during disease
in the lung [425, 48]. Interestingly, the microbial community in healthy mice showed an
increase in diversity associated with increasing age, together with an improved stability
[251]. Another mouse study found that high variability of the lung microbiome may be
present in healthy subjects and be significantly associated with environmental factors [110].
Inflammation also appears to have a major impact on microbial diversity [110]. Interestingly,
lack of mucosal clearance in the lower airway may lead to shifts in microbial composition
and may exacerbate the inflammatory response [207]. The mucus build up and associated
inflammatory response may also serve as a environmental niche for bacterial colonization
[259, 207]. These studies therefore suggest that the lung microbiome may be far more
dynamic than the gut. Though the multiple potential factors that influence respiratory
microbial composition and lack of causal associations may provide new challenges towards a
mechanistic understanding of the impact of respiratory dysbiosis.
There is the potential of microbiomes in the lung or gut to have whole system level effects.
Cross-system influences of the microbiome has received significant attention recently. These
have primarily involved the putative distal impact of the gut microbiome on other intrahost systems. This relationship is often referred to as the gut-lung axis or the gut-brain
axis, depending on the associated system. An example of the gut-lung axis was illustrated
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in rats in which a study showed that a fecal transplant altered the lung microbiome [282].
Furthermore, there is evidence that dietary changes not only alter the gut microbiome but
also the lung microbiome [299]. Another study in mice however showed that the distal
gut-lung effects of microbial influences may be less impactful than the intra lung microbial
influence [110]. There are several mechanisms that are involved in the connection between the
lung and gut microbiome. One of the potential mechanisms for the impact of gut microbiota
on the lung, may be through immune modulation of gut microbes [235]. The gut-microbe
has been implicated in regulation of T-cells, short-chain fatty acids, and inflammation [416].
In particular, lung microbial community diversity in healthy mice are strongly influenced
by inflammatory cytokines [110]. The gut microbiota has also been proposed to regulate
systemic innate immunity [92]. Additional evidence of the putative connection between the
gut microbiota and the respiratory system has been found in germ-free mice. Studies have
found that mice with an impaired gut microbiota display an reduced defense response to
respiratory infections [432, 475, 515, 132]. Interestingly, lung microbial dysbiosis and the
presence of gut-associated bacteria in the lung are predictive of a poor outcome in critical
patients [113].

1.2.3

Microbes encountering the innate immune system.

An exhaustive overview of human immunology and the microbial defense response is beyond
the scope of this review. However, we provide a broad overview of the initial lines of defense
to introduce the complexity of human-microbiome interactions. To this end we highlight
the important role of barrier defense and the initial innate immune response. We therefore
do not explicitly cover the adaptive immune response nor the complement system. Though
both of these are important for the microbial defense response, for a comprehensive view of
their roles see the reviews by Reis et al. and Netea et al. [394, 342].
Classically, barrier defense is part of the innate immunity, where innate immunity involves
the combined effort of physical or chemical barriers, recruitment of immune cells, activation
of the complement system, activation of the adaptive immune response, and the identification
and removal of foreign substances. Therefore, the innate immune response can viewed as
a three stage process. The first is prevention through barriers, the second would be the
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recognition of a threat, and the third would be a co-ordinated effort to neutralize and remove
the threat. Of the numerous barrier defense systems we focus our discussion on the mucosal
barriers in the respiratory system and gut.
Barrier and prevention
In both the respiratory system and gut, barrier defenses are considered to be the initial
contact point for microbial host interactions. As part of the barrier defense, mucosal surfaces
such as those found in the lung and gut are considered to be the first line of defense against
microbes in these systems. Microbes are ensnared and then eliminated by mucosal clearance.
In the gut elimination occurs with the help of the luminal content and in the respiratory
tract cilia assists with clearance [278]. In the lung microaspiration and mucosal clearance
appear to be the most important factors in microbial elimination [111]. Mucus consists
predominantly of mucin glycoproteins, of which 21 have been identified in humans [27].
Mucins play an important role as both a barrier and a regulator of the immune response.
These mucins are either cell-surface mucins or secreted mucins. The secreted mucins’ role in
the immune response involves the retention of antibacterial proteins or serving as a physical,
potentially sterile, barrier for microbes [146, 225]. Cell-surface transmembrane mucins, for
example MUC1, play an important role in signalling and defense, such as cell-differentiation,
apoptosis, and inflammatory responses [386]. The cell-surface transmembrane mucins consist
of an extracellular and intracellular domain (cytoplasmic tail). The extracellular domains
serve as a barrier to microbial infection. These domains appear to serve as a receptor and lure
for microbes, distracting from the epithelial cells. Interestingly, during Helicobacter pylori
infection it seems that MUC1 can shed the extracellular domain [501]. The released domain
may also serve as a decoy [279]. The intracellular domains are potentially functionally very
diverse and exhibit a lack of sequence conservation between the domains for the respective
mucins [386]. Furthermore, mucins may also interact directly with the NF-kB inflammatory
pathway and modulate the NLRP3 inflammasome complex [386, 107]. Inflammasomes are
multi-protein complexes that activate and regulate caspase 1 (CASP1; previously IL1BC),
and thus the resultant inflammation in response to microbes [176].

Furthermore, the

cytoplasmic tail of MUC1 is also involved in innate immunity through the modulation of
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the Toll-like receptor (TLR) defense response [107]. Interestingly, MUC1 also appears to be
expressed in immune cells, such as T-cells. There is evidence to suggest the involvement of
MUC1 in T-cell response regulation [12].
Microbial recognition and receptors
In innate immunity, as part of the early defense response, there are several families of pattern
recognition receptors (PRRs), namely the TLRs, RIG-I-like receptors (RLRs), C-type lectinlike receptors (CLRs), and finally the NOD-like receptors (NLRPs). The role of these
various receptors are to recognize microbial products, damage associated molecular patterns
(DAMPs), and the microbes themselves. After recognition they may elicit a defense response
such as an inflammatory response, the release of reactive oxygen species, or phagocytosis.
For TLRs, these have generally been associated with bacterial, fungal, and viral
recognition [353, 353, 73]. There are 10 known TLRs in humans and they generally contain
an extracellular leucine-rich-repeat domain [363]. The receptors that are located in the
plasma membrane (TLR1, TLR2, TLR4, TLR5, TLR6, and TLR10) are known to recognize
proteins and lipids. While those located in the endosome (TLR3, TLR7, TLR8, TLR9,
TLR11, TLR12, and TLR13) are known to recognize microbial nucleic acids [363]. For a
comprehensive overview of the TLR receptors and the type of microbes they may bind see
the reviews by Lind et al. and Fitzgerald et al. [277, 141]. To summarize what they discuss,
we see that TLR13 binds to ssRNA and detects bacteria and ssRNA viruses and TLR9
binds ssDNA, detecting viruses, bacteria, fungi, and protozoa. Though, TL9 appears to be
specific for ssDNA containing the unmethylated CpG motif. We also see that TLR8 and
TL7 bind to ssRNA, however they seem to detect viruses, fungi, and bacteria; and TLR3
bind to dsRNA, detecting bacteria, protozoa, and viruses. Finally, of the protein-binding
TLRs, TLR1, TLR2, and TLR6 seem to detect bacterial lipoprotein
After binding of the receptor there is generally a signal cascade through the dimerization
of the cytosol facing TIR domains of the TLR. The dimerization facilitates the formation
of complexes that determine the signalling pathway that will be used. Two broad classes
of signal transduction are associated with TLRs, namely the TRIF-dependent pathway and
the MyD88-dependent pathway [13]. These pathways are not necessarily distinct and do
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exhibit downstream interaction. In general, all TLRs, except for TLR3, utilize the MyD88pathway to potentially initiate a NF-kB inflammatory response. While TLR3 and potentially
TLR4, trigger a NF-kB response and type 1 inteferon response through the TRIF-dependent
pathway [363]. The type of responses that are triggered also depend on the cell-type and
also include transcription regulation, splicing, release of ROS, and tissue repair, in addition
to the aforementioned inflammatory and inteferon responses. It is also important to note
that TLRs are not only part of the innate immunity but also play a significant role in the
adaptive immunity through conventional dendritic cells, B-cells, and T-cells [370, 262, 369].
The RLRs are a family of primarily cytosolic receptors containing Retinoic acid-inducible
gene I (RIG-I), Melanoma Differentiation-Associated protein 5 (MDA5), and Laboratory of
Genetics and Physiology 2 (LGP2). They all contain a helicase domain and a carboxyterminal domain and are found in all cell-types. In general RLRs are involved in the innate
and adaptive immune response to viruses through nucleic acid sensing, though there is also
evidence of RLRs recognizing bacterial effectors [2, 393]. Furthermore, the RLR associated
immune response to some viruses can also be triggered by host RNA [572]. Interestingly, RIGI appears to generally detect RNA, while MDA5-associated defense is triggered by both RNA
and DNA [109, 393]. Recent evidence has also found that a significant component to RLRmediated immunity depends on post translation modification. For example, SUMOylation
was found to be an important regulator of both RIG-I and MDA5 associated immunity
[200]. For an overview of known post translation mechanisms that impact both the signaling
transduction of RLR-mediated immunity and the acetylation of RIG-I to affect binding see
the review by Rehwinkel and Gack [393]. The role that LGP2 plays in pathogen detection
and immune signalling is less well understood. It appears that LGP2 may have more
of a regulatory role, exhibiting both negative and positive regulatory phenotypes during
antiviral responses [578]. During pathogen detection, binding by RIG-I or MDA5 leads to
a conformational change exposing their respective CARD domains (a domain lacking in
LGP2). This results in a signalling cascade that stimulates the inteferon defense response.
Another cytosolic receptor involved in pathogen recognition and defense are the NOD-like
receptors (NLRs). The family of NOD-like receptors all comprise a central NOD/NACHT
domain and on their C-terminus they have several LRRs responsible for ligand sensing [481].
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The family members are compartmentalized into four subfamlies based on their respective
N-terminal domains, namely NLRAs, NLRBs, NLRCs, and NLRPs. For the NLRA family,
they contain a single gene (class II histocompatibility complex transactivator; CIITA) which
tightly regulates MHC class II antigen presentation [341]. The family is characterized by
the N-terminal acidic transactivating domain. Interestingly, in expression of MHC class II in
intestinal epithelium cells may play a bi-directional role in microbial community structure.
Segmented filamentous bacteria have been shown to induce MHC class II expression, and
MHC class II allelic variation associate with microbial diversity [494, 56]. The family NLRB
is categorized by one or more N-terminal BIR domains. The members of this family are also
referred to as neuronal apoptosis inhibitory proteins (NAIPs), involved in the suppression
of apoptosis [280]. There is evidence that NAIP interacts with the NLRC4 inflammasome
complex and recognizes bacteria to promote cytokine production and macrophage associated
cell-death [245]. The NLRC subfamily exhibit one or more N-terminal domains referred to as
CARDs (caspace activation and recruitment domains). Where the CARD family of proteins
are well known for their role in the activation and regulation of inflammation [546]. Well
characterized members of the NLRC subfamily include NOD1 and NOD2, which play a
role in both the innate and adaptive immune system. Bacterial recognition by NOD1 and
NOD2 results in the activation of the NFkB inflammatory pathway and also the release of
antimicrobial peptides [243, 309]. Finally the NLRP subfamily contain a N-terminal pyrin
domain (PYD). Both the PYD and CARD domains are part of the set of death fold domains,
and are associated with apoptosis and inflammation. Similar to CARD, the PYD domains
play a fundamental role in the formation of inflammasome complexes [444, 544]. For a review
on the role that PYD and the inflammasome play in microbial interaction see the review by
Loeven et al. [287].
The C-type lectin receptors (CLRs) are a large family and are important for fungal and
viral recognition, though they are also known to detect several other microbes [198, 379, 47].
These receptors can be membrane bound and exhibit a C-type lectin extracellular domain.
This domain allows for the receptors to recognize carbohydrates [162]. Classification of CLRs
can be viewed in terms of their domain structure and phylogeny or their varied signaling
cascades [198]. For the latter we have signaling by means of ITAMs (immunoreceptor
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tyrosine-based activation motifs), through ITIM (immunoreceptor tyrosine-based inhibition
motifs), or those that appear to leverage neither ITIM nor ITAM [563, 417]. The ITAMmediated signaling through interactions with Syk may result in a inflammatory response,
phagocytosis, and a ROS response [236]. The ITIM-mediated signaling involves the protein
tyrosin phosphatases SHP1 and SHP2 and/or the inositol phosphatase SHIP1.

These

enzymes may lead to the mitigation of the inflammatory response and also play a key role in
meyloid cell proliferation [397, 362, 4, 492]. For the signaling cascade that is neither ITIM nor
ITAM mediated we have a variety of responses. For example DC-SIGN, as a CLR without
the aforementioned motifs, has been shown modulate toll-like receptors and thereby affect
the immune response [121]. Another member of the non ITIM/ITAM class is LOX1, which
has shown to play a role in phagocytosis and MHC class II antigen presentation [352, 368].
The role of CTLRs in pathogen recognition and defense is diverse, from recognition to the
immune cell transport and T-cell activation. For a more comprehensive description of the
role that CLRs play in microbial immune activation see the review by Mayer et al. [312].

1.3

Conclusion

Microbes represent a rich functional potential that play an active role in their interactions
within a community as well as with the host. The response from the host necessitates
a feedback cycle between host and microbiome, where the emerging properties of this
interaction allow both to adapt to several challenges. There is a classical view of microbial
host interaction and primarily being pathogenic in nature, however with an improved
understanding of this dynamic we have started to see that this is not the case. In plants
microbes allow the host to mitigate abiotic stresses, such as drought, they may also facilitate
sustainability and growth. In humans we have realized that microbial dysbiosis is a major
contributing factor to diseases and disorders, rather than merely the presence of microbes.
This suggests that the community structure is important, furthermore how this community
fluctuates and changes under pertubations.
Here we have given a brief overview of some of the biological factors to consider when
attempting to gain a systems understanding of the host-microbial interaction. This chapter
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focuses on the human perspective, while the next chapter focuses on the plant. The study
of this interface is complex and much broader than can be captured by the above. Though,
central to dealing with the complexity is investigating multiple sources of information.
By integrating different omic-level data sources we can begin to understand what are
the molecular underpinning that govern the nature of the interaction between host and
microbiome. Finally, with this improves understanding we can better understand the benefits
of microbes and leverage these to improve human health, foster sustainable agricultural crops
and bioenergy feedstocks, and even positively impact the environment with regards to carbon
sequestration and bioremediation.
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Chapter 2
Plant host driven mechanisms for
microbial selection
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Abstract
Plants serve as host to numerous microorganisms. The members of these
microbial communities interact among each other and with the plant, and
there is increasing evidence to suggest that the microbial community may
promote plant growth, improve drought tolerance, facilitate pathogen defense
and even assist in environmental remediation. Therefore, it is important to
better understand the mechanisms that influence the composition and structure
of microbial communities, and what role the host may play in the recruitment
and control of its microbiome. In particular, there is a growing body of research
to suggest that plant defense systems not only provide a layer of protection
against pathogens but may also actively manage the composition of the overall
microbiome. In this review, we provide an overview of the current research into
mechanisms employed by the plant host to select for and control its microbiome.
We specifically review recent research that expands upon the role of keystone
microbial species, phytohormones, and abiotic stress; in how they relate to plant
driven dynamic microbial structuring.
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2.1

Introduction

The sessile nature of plants limits their capacity to deal with an immediate and localized
disturbance, irrespective of whether the disturbance is caused by biotic or abiotic stress. It
therefore stands to reason that plants have evolved systems to manage the impact of these
collective and respective stresses. From a biotic microbial view point, plants play host to a
number of organisms that reside in the phyllosphere, endosphere and rhizosphere, influencing
how a plant reacts to its environment. If viewed in the context of an ecological unit, the
community of organisms is known as the holobiont. Further incorporating the environment
results in what is collectively known as the phytobiome, where the possible plant-microbestress interactions are given in Figure 2.1.
The holobiont has a much greater evolutionary potential for dealing with biotic and
abiotic stress than the plant itself.

Therefore it is potentially more sustainable to

manage abiotic/biotic stresses in a holistic and multifaceted manner. The plant employs a
combinatorially complex system of receptors and signals to adapt to different stressors [179].
Unraveling the complexity of the system is not a trivial task, with researchers providing
different perspectives for elucidating a contextual understanding of the dynamics of plantmicrobiome interaction.
The improved understanding of the interactions between the plant and its microbiome has
broadened our knowledge on the capabilities of the plant to influence its microbiome and vice
versa. In interacting with its microbiome, plants have the capacity to release chemical signals
into their environment. The signals can either have a positive or negative effect on other
plants or members of the microbiome. Root exudates, comprised of allelochemicals, have
been associated with signalling in plant-microbe interaction and can also facilitate plant to
plant communication [31]. Exudates with potential allelopathic properties can help the plant
both positively and negatively select for members of their phytobiome [51, 423], allowing the
plant to establish a rhizosphere and soil microbiome that may also be beneficial or detrimental
to other plants and microbes. The concept of influencing the plant phytobiome has also been
explored in biocontrol strategies, e.g. strategies against nematodes [464]. The ability of the
plant, together with individual members of its microbiome, to control and shape the overall
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Figure 2.1: Possible interactions in the phytobiome, between the plant, abiotic stress,
keystone microbes, and microbial communities. Illustrated is the respective compartments
of the holobiont, only the phyllosphere indicates keystone microbial interaction, though the
other compartments may have the same type of interactions. The phyllosphere may also
be epithytic or endophytic. The cross interaction between different compartments may be
mediated at a community level, or by means of individual (keystone) microbes. In addition
the plant may also interact with whole communities, or by means of individual microbes.
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microbiome influences a plant’s growth and stress response. A better understanding of the
resultant interplay between defense and control may allow for an optimized holobiont that
can benefit, among others, agricultural and bioremediation efforts [1, 366, 351].
The microbes that a plant hosts are broadly classified as pathogenic or non-pathogenic.
The nature of the non-pathogenic interaction may be beneficial, mutualistic, commensal or
neutral and pathogenic interactions may be parasitic or amensal. The plant can play host
to biotrophs, who receive nourishment from a living host cell, necrotrophs, who receive
nourishment from a dead host cell, and hemitrophs, who switch between the different
nourishment states, see Figure 2.2. The nature of plant-microbe relationships and the ability
of the plant to influence select neighbors, may potentially benefit the plants own growth or
defense [63, 325]. Nutritional deficiencies in the plant can also alter the transcriptional profile
of its microbiome and thereby mitigate the impact of nutritional stress [75]. Additionally,
the plant’s abiotic stress tolerance and disease resistance may not be a mutually exclusive
processes. For example, common mechanisms exist between phytohormone-based pathogen
defense responses and the plant’s ability to tolerate drought and salt stress [86, 202]. At a
community level, evidence suggests that the ability of the plant host to shape its microbial
community may also serve as an additional layer of defense to disease and stress [45, 179].
Interaction between plant and microbes have generally been studied with respect to
individual (or small collections of) microbes. Additionally, the focus has often been on how
the microbe negatively or positively impacts the plant and not how a plant may influence
the selection of microbes under biotic or abiotic stress. However, there is dynamic feedback
between plant and a microbe that may impact the plant’s microbial community [52]. The
reciprocal nature of the interactions between the plant and its microbial community is
poorly understood. It is therefore not only important to determine how individual microbes
may impact the plant, but also how the plant may impact its community. There is also
evidence to suggest that the plant itself may not be the only determinant in microbial
diversity, suggesting the environment and abiotic factors are also important to consider
when identifying plant-microbial interactions [234, 522]. There is still much that we can
learn about the interplay between the different elements of the phytobiome, including: 1)
how do the individual microbes influence the plant-mediated structure, 2) how can the plant
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Figure 2.2: Diagram of plant-microbe symbiosis, excluding negative effects on microbes.
Circle nodes in the diagram indicate microbes, square nodes indicate the plant. Positive
effects are indicated with ”+”, negative effects with a ”-”, and neutral effects by a ”o”.
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shape its microbiome through signalling and nutrient availability, and 3) what role does
the abiotic stress play in plant’s ability to influence microbial community members and
structure? We review recent contributions to the understanding of the impact that keystone
members of the microbiome may have on the plant and other community members. We also
review the current understanding of the extent to which a plant may shape its microbial
community. Finally we look at how abiotic stress on the plant influences the microbial
community. Each of the mechanisms that a plant employs to interact with its microbial
community and abiotic stresses are part of a complex dynamic system that influences plant
growth and stress tolerance.

2.2

Keystone microbial species

Improving our ability to manipulate plant phenotypes, including growth, is of great interest
for agricultural, industrial, and ecological restoration efforts, among others. Understanding
the mechanisms that underpin pathogen resistance, abiotic stress tolerance, and range
shifts (including the ability to establish crops in marginal agricultural land) is of particular
importance in the face of shifting climate conditions. An important mechanism through
which a plant shapes its microbiome and larger ecosystem is through interactions with
keystone microbial species. The concept of keystone species was developed by ecologist
Robert T. Paine [357, 358] and has since been applied to many different fields and with varied
meanings. The classical idea of a keystone is attractive because it represents a top-down
mechanism of ecosystem control that humans can potentially understand and manipulate
[66, 183, 485]. A few well known macroecological examples in which keystones play important
roles in stabilizing species diversity and ecosystem function are marine rocky intertidal zones
dominated by the top predator starfish Pisaster ochraceus [357], riparian habitats dominated
by extended Populus phenotypes [525], kelp forests that disappear without otters [130], and
the very landscape of Yellowstone National Park following the reintroduction of gray wolves
[398].
Interest in applying the keystone species concept to microbial communities and the plant
microbiome has grown in recent years [321, 562, 50, 96]. In the phytobiome, the concept of
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a keystone is attractive as a means of understanding how the plant controls its microbiome.
Several authors have used computational network approaches and experimental methods to
identify putative keystones. However, few studies have attempted to validate the role of
putative keystones. Moreover, investigation of the mechanisms by which a plant recruits a
keystone microbe for the purpose of manipulating its microbiome and larger ecosystem has
only recently begun. Early studies show promising results and suggest that further research
into keystone species recruitment would contribute significantly to the fields of sustainable
agriculture, conservation, and ecological restoration.

2.2.1

Identification and Validation of Keystone Species

Identifying and validating keystone species is inherently complex. By definition, classical
keystones increase alpha and beta diversity and stabilize ecosystem function via top-down
mechanisms and are typically described as being rare or low in abundance, having few
direct interactions with other community members.

In the phytobiome, keystones are

theorized to play vital roles in helping establish the core microbiome [188]. In contrast
to members of the core microbiome, for which low-level taxonomic composition may vary
but ensemble function is conserved [266], keystones perform unique functions inherently
tied to their identity. While core microbes also perform important functions for the host
plant and its community, removal of a core member does not necessarily lead to dissolution
of the community. The keystone’s status as a community linchpin means its functional
role and very presence are often difficult to separate from those of its community members
- a ”control” community without the keystone simply does not exist or function in any
comparable fashion. Furthermore, identifying low abundance and rare microbes that exert
top-down control or have an otherwise out-sized effect on community structure requires deep
or single-cell sequencing of soil and plant samples [346]. However, currently used statistical
methods filter out low abundance taxa and those not present in the majority of samples
to avoid biasing analyses [50, 8, 346, 120], thus rare taxa recovered by deep sequencing are
likely to be pruned a priori.
Some studies have taken the approach of focusing on organisms previously theorized to be
keystones and then attempting to characterize the putative functional role they fulfill in the
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community [8, 120], while others approach the problem from the opposite direction by seeking
out rare organisms that could be candidates for carrying out well-studied functions of interest
[562]. These approaches essentially utilize the classical keystone concept to narrow the hunt
for the needle in the haystack. While these studies clearly demonstrate that microbes do fulfill
”classical” keystones roles, it is likely that a broader or more flexible definition will become
necessary as research in this arena progresses; the ”classical” keystone model was developed
within the macroecological realm, and therefore may not sufficiently encapsulate uniquely
microbial keystone characteristics [321]. This unexplored frontier means that attempting to
find new keystone taxa - particularly in uncharacterized systems - is difficult because the
characteristics and roles unique to microbial keystones are largely unknown at this stage. In
contrast to description of keystones at the macroecological scale, recent studies have found
evidence that microbial keystones may be ephemeral, performing a specific function in a
particular environment or developmental stage, but playing a less prominent role in others
[346, 120]. For example, many vertically transmitted microbes that are dispersed on seed
surfaces (such as Alternaria fulva on Astralagus lentiginosus seeds) fulfill important roles in
early holobiont development that effect the long-term composition of the phytobiome [188].
Interest in using co-occurrence networks to identify putative microbial keystones has
been rapidly growing [50, 96, 8, 33]. Such networks are often created by calculating the
correlation of pairwise OTU abundances. Several papers have used computational methods
to identify network microbial ”hubs” (OTUs that have a high number of connections within
the community). However, hub taxa are not necessarily keystones [50, 407]. Using cooccurrence as a proxy for biologically meaningful interactions is problematic. Understanding
microbiome interactions relies upon properly identifying the true sphere and scale in which
interactions take place. The lack of directly observed interactions presents an immense
challenge because the niches which partition true interaction from mere co-occurrence are an
unknown prior and vary greatly, often in ways not understood by researchers. For example,
the interior of a single leaf presents a multitude of ecologically distinct microhabitats. Among
niches, microbes may have few or zero interactions but still ”co-occur” because they are
present in the same macrohabitat, i.e. the leaf [50, 183]. Nevertheless, in uncharacterized
microbiomes, network methods can offer valuable insight regarding community dynamics
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and serve as a first step in the process of identifying the keystone taxa that serve as the
linchpins in community structure.

2.2.2

Evidence for Plant-Driven Keystone Interactions

The majority of studies on microbial keystones have not investigated the mechanisms
underpinning host interactions, perhaps because methods to explicitly identify and validate
the effects of keystone species are still largely under development. However, there appears
to be promising evidence that plants are actively recruiting keystone microbes.

Using

a combination of field experiments and network analyses to investigate the rhizosphere
communities of sunflower and sorghum crops, Oberholster et al. [346] identified 47 hub
taxa and putative keystone microbes deemed to be necessary for maintaining network structure, including: Proteobacteria, Rhizoplanes, Flavisolibacter, Povalibacter, Nitrososphaera,
Lysobacter, and Sphingomonas. Although investigating plant-keystone-species interactions
was outside the scope of the study, Oberholster et al. [346] found that the abundance of taxa
in the rhizosphere varied with soil chemistry and plant developmental stage. Furthermore,
changes in soil chemistry were correlated with plant species and plant developmental
stage. Phylogenetic diversity of the sorghum rhizosphere was significantly correlated with
soil carbon and nitrogen concentrations; whereas, sunflower rhizosphere diversity was
correlated with potassium, calcium, magnesium, and phosphorus. Together they suggest
that differences in plant root exudates likely contributed to the structure of rhizosphere
communities, potentially through putative keystone taxa.
Despite the fact that formal investigation of keystone species is still in early days,
mycorrhizal fungi have long been recognized as playing an essential role in structuring the
microbiome of plant hosts. Both arbuscular mycorrhizal (AM) and ectomycorrhizal (ECM)
fungi have been described as keystone species [457, 152, 346], and much can be drawn
from mycorrhizal fungal host interactions. Duhamel et al. [120] found a strong association
between plant species and rhizosphere communities in greenhouse and field experiments. In
greenhouse experiments in which three plant species (Pinus muricata, Baccharis pilularis,
and Ceanothus thyrsiflorus) were planted in media containing a tripartite mix of soils from
each plant’s native range (and thus each plant’s native microbial community), the final
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composition of each plant’s microbiome most strongly resembled that of each host plant’s
native range. The significant similarity in community structure between greenhouse and
native soils supports the idea that plants can play an active role in selecting their microbiome
structure. In agreement with Oberholster et al. [346], Duhamel et al. [120] found that
community composition and keystone prominence changed over time. For example, members
of the genera Rhizopogon and Suillus (both belonging to Suillineae) are keystone mutualists;
these ECM basidiomycetes are abundant during development of P. muricata seedlings and
under conditions similar to those that occur during range expansion, but are rare during other
phases such as in well-established monodominant stands. Although the mechanism by which
P. muricata recruits keystones such as Suillus pungens was not investigated by Duhamel et al.
[120], the obligate relationship of Pinus species with ECM has long been of interest. Suillus
species in particular have been shown to facilitate Pinus invasions, as was demonstrated
for S. luteus and P. contorta [190]. Kikuchi et al. [240] found that S. bovinus germinated
when co-cultured with P. densiflora, and could be induced to germinate in the absence of
the host by treatment with flavonoids previously reported from root exudates, including
hesperidin, morin, rutin, quercitrin, naringenin, genistein, and chrysin. Liao et al. [275]
found that relationships between members of Pinus and Suillus were species-specific, and
that compatible Pinus and Suillus pairings elicited expression of unique gene sets including
genes related to production of fungal small secreted proteins and host leucine-rich repeatcontaining R proteins. Moreover, the JA and ET pathways were found to be upregulated
during incompatible pairings (but interestingly, SA was not).
In contrast to beneficial keystones that increase microbial alpha and beta diversity
[192], pathogenic keystones tend to reduce diversity. Agler et al. [8] found a significant
correlation between the obligate biotrophic oomycete Albugo laibachii and host genotype
in (Arabidopsis thaliana). The authors found that phyllosphere alpha and beta diversity
were dramatically reduced following infection. Similar to the effects of beneficial keystones,
community structure was stabilized in infected hosts relative to pathogen-free hosts. Agler
et al. [8] did not investigate the mechanisms involved in susceptibility or resistance to A.
laibachii ; however, closely related A. candida has been shown to alter host metabolism in A.
thaliana [88]. Ruhe et al. [410] showed that rather than killing the host or severely decreasing
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fitness, A. laibachii maintains a level of infection that is tolerable to the host. Additionally,
there is evidence that A. laibachii is largely able to tolerate host defense mechanisms and
suppresses only a small portion of host activity. Ruhe et al. [410] reasoned that the immune
tolerance is an adaptation over non-host evolved pathogens that would serve as competitors
to A. laibachii or kill the host. Even though A. laibachii is classified as a pathogen due
to predominantly negative effects on the host, leaving the host’s defense response intact
to compete against more virulent pathogens has a less negative impact on A. thaliana.
Furthermore, the ”keystone” role of A. laibachii is in stabilizing the post-infection community
composition, which prevents other pathogens from invading while plant immunity is already
compromised.
In consideration of the challenges associated with identifying and validating keystone
species, it is not a surprise that there is a shortage of studies investigating plant-driven
mechanisms for recruiting or maintaining relationships with keystones. However, some
inferences can be made based on previous studies that investigated host mechanisms with
regards to a single organism or a simple community (many of which will be described in
subsequent sections and should influence the future direction of keystone research). Synthetic
(constructed) communities offer a promising avenue for isolating host mechanisms [55].
Niu et al. [344] constructed a seven member synthetic community on maize roots and
discovered through iterative removal of members that the community collapsed without
Enterobacter cloacae.

In addition, when the community was intact, it functioned to

suppress Fusarium verticillioides. Niu et al. [344] did not investigate the host mechanisms
involved in these interactions, but we argue doing so is a natural next step that will yield
valuable fundamental information.

Although simplified communities are likely to miss

some important host-microbe dynamics, they are a good place to start for gaining basic
understanding. In addition, the use of microfluidics can facilitate the dissection of complex
plant-microbe interactions by facilitating the fine-scale manipulation and imaging of realtime plant recruitment of and colonization by microbes [462, 307]. Furthermore, microfluidic
methods allow plant exudates, phytohormones, and and internal signaling cascades to be
characterized using proteomic, transcriptomic, and other techniques to gain new insight
into host mechanisms that operate at specific spatial-scales. To date, these methods have
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largely been used to study culturable microbes. However, the use of ensemble culturing
techniques such as those used by Agler et al. [8] could facilitate study of unculturable and
rare taxa, which would provide more nuanced and realistic insights into holobiont dynamics.
Furthermore, the use of such techniques in combination with time-series experiments would
inform how plant recruitment of keystones varies with developmental stage, which would in
turn improve our understanding of the core microbiome changes over time.

2.3

Plant defense modulation of the microbiome from
a host gene and phytohormone perspective

Concepts such as evolutionary pressure and dynamical feedback, has shaped our understanding of plant-microbe interactions. A recognized hypothesis of the plant immune system,
referred to as the zigzag model, characterizes the defense response as a successive patterntriggered immunity (PTI) and effector-triggered immunity (ETI), set of responses. PTI
is viewed as the first line of defense and involves protein recognition receptors (PRRs) on
the cell surface. PRRs bind often conserved microbial compounds referred to as microbe
(pathogen) associated molecular patterns, or MAMPs (PAMPs). The binding of microbial
compounds by PRRs then elicits a signal cascade of defense responses that inhibit microbial
growth. ETI is the second line of defense, comprised of intracellular resistance (R) genes
that contain nucleotide binding leucine rich repeat (NB-LRR) domains. Resistance genes
code for proteins that bind microbial virulence effector proteins. Binding of the effector
proteins then triggers a signal cascade that often results in cell death. PTI can be evaded
by the microbe, eliciting successive ETI responses. ETI responses can also be evaded by
the microbe, creating an evolution of responses by the plant and evasion by the microbe.
However, the model views the PTI and ETI responses as distinct, and implicitly views the
PTI responses as more conserved evolutionary than the ETI. The standard PTI-ETI model
contradicts observations indicating that PRR may evolve similarly to R genes, and that
certain R genes may play a similar role to PRR genes [95]. The review by [95] suggests that
the plant immune system is an interacting set of co-evolving responses that occur both within
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and outside the cell, and is a response that involves multiple signal cascades. Phytohormones
are a fundamental part of the resultant defense signal.
General defense related phytohormones form part of what is referred to as the plants
systematic acquired resistance (SAR), and induced systemic resistance (ISR), [376, 148].
Of the various phytohormones, ethylene (ET), jasmonic acid (JA), salicylic acid (SA)
have been classically characterized in some plant defense role [376] and have been shown
to preferentially impact certain bacterial phylla in a community [76]. There is an emerging
interest in the potential of phytohormones to shape the plant’s microbial community. Given
the importance of the microbial community in plant defense, growth, and sustainability, it is
therefore important to understand the hormone-microbial dynamic. We therefore describe
recent evidence towards the role of ET, JA and SA in shaping the microbiome community.
Additionally, we look at research into the interplay of the respective hormone biosynthetic
pathways and how they may assist in microbial colonization of the plant.

2.3.1

Ethylene

Originally shown in oats Avena sativa and broad bean, Vicia faba, the volatile hormone
ET influences plant growth [258] with many further studies further characterizing the role
of ET on plant growth and development [64, 453, 467]. The role of ET in plant defense
was suspected due to a measured increased in ET biosynthesis during early PTI response in
Nicotiana tabacum, [30, 443]. It later became evident that ET signalling was required for the
expression of the receptor kinase (FLS2) which binds bacterial flagelin (flg22) in Arabidopsis
thaliana and thereby triggers the defense response [320]. ET has also been shown to be
involved with stress tolerance [477]. There has been emerging interest in characterizing the
role that ET may play in not only defense from an individual microbe, but also in how ET
influences the community [336]. Mutant Arabidopsis thaliana lines have provided an ideal
framework to work towards characterization of ET.
A synthetic community approach was used in Arabidopsis thaliana to determine
host genetic factors that may influence phyllospheric bacterial community structure [55].
Bodenhausen et. al. found that ET-insensitive mutants, which possessed a mutation in
the EIN2 gene, displayed a significant shift in the bacterial community structure at the
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genus level. They identified an increase in the relative abundance of Variovorax, a genus
consisting of the metabolically diverse gram negative Variovorax pardoxus [184]. It is difficult
to determine if increased abundance is directly associated with ET, or if it is mediated by
pathway cross talk, especially given that Bodenhausen et. al. observed a significant decrease
in Variovorax abundance in the SA-insensitive mutant.
Another experiment involving ein2 mutants also showed a shift in the rhizosphere
bacterial community composition in non-autoclaved soil [118]. However, the result was not
observed in autoclaved recolonized soil. The recolonization of the autoclaved soil in particular
comprised of either species that survived the autoclave process or those species in the
surrounding environment, indicating that the initial microbial community composition may
play a role in the capacity of ET to influence microbial structure. While the aforementioned
hypothesis was not explored in [118], they did observe evidence for support in that bacterial
community shifts were observed prior to disease symptoms and no significant differences were
observed in the absences of defense signaling. The latter indicates that a potential selective
pressure triggering a defense response may be required to observe ET-mediated microbial
community shifts. An early shift in community before disease symptoms may be justified in
that ET is known as a potential early response signal [320]. Therefore, an existing microbial
community may provide the necessary pressure to elicit an ET response that can shape the
community structure.
There is evidence to suggest that genotype effect on root microbiome is much weaker than
the potential effect on the leaf microbiome [508]. While the full genotypic differences were not
fully characterized in the Wagner et al study, it was determined that leaves and root differ
in glucosinolate concentrations. Glucosinolate may be regulated by JA and ET signaling
during rhizobacterial colonization [364]. Therefore glucosinolate secondary metabolites may
provide a possible strategy for microbial community selection.

2.3.2

Jasmonic Acid

The role of JA in plant defense was first described as part of an infection-mediated wound
response [137]. Other associations to wound healing and herbivory-related defense have
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since been observed for components of the lipid-derived hormone’s biosynthetic pathway
[246, 270, 427, 89]. JA has also been associated with plant necrotroph defense [520, 380].
There is evidence to suggest that the phytohormone JA may have the capacity to shape
the root microbial community by means of root exudates [51, 423]. In particular, evidence of
root-associated allelopathic and chemotactic negative and positive selection for constituents
of the microbiome has been discussed in [31]. Arabidopsis thaliana knock-out mutants myc2
and med25 were shown to have disrupted JA signaling pathways that result in attenuated
wounding, herbivory, and defense responses as well as altered root exudate profiles [74].
Carvalhais et.

al.

found correlations between specific exudate concentrations and the

abundances of several bacterial microbes. While the roles of these exudate compounds in
shaping the microbial community is not yet fully understood, compounds such as tryptophan
and fructose are chemotactic to several bacteria [551, 355]. One way JA might facilitate hostdriven selection of the plant microbiome is by fine tuning the concentrations of root exudates
that attract various microbes.
Furthermore, a recent root exudate study in maize found benzoxazinoids, which is
regulated by JA, exhibited the capacity to alter the composition of the microbial community
[349, 199]. Here, Hu et. al, also experimented with the effect of benzoxazinoids inoculation
on soil, which identified improved herbivory defense, exhibited genotype dependent growth
reduction, and increased levels of JA. It has previously been shown that benzoxazinoids are
chemotactic for Pseudomonas putida KT2440, which elicit JA priming and thereby resistance
to particular fungi [340, 339]. A differential secondary metabolite analysis of genotype root
exudates in Monchgesang et al. identified differential concentration of glucosinolate, SA
catabolites and dihydrohydroxy JA, indicating JA associated genotypic influences on root
exudation [333]. JA’s influence of root exudates may in turn influence the rhizosphere
microbiota, given the strong correlation between genotype root exudation and the rhizosphere
bacterial community structure [323]. However, direct experimentation is needed to test JA’s
influence and better understand the potential mechanisms involved.
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2.3.3

Salicylic Acid

The role of SA in plant defense was first described in tobacco, against tobacco mosiac virus
[523], where supplementation of diluted aspirin induced a defense response. SA has since been
described as an important component in plant defense signalling, [439]. It is believed that
SA forms part of the plant’s defense strategy against biotrophes, as aposed to necrotrophes
which are more associated with the JA and ET pathways [164].
In its capacity to regulate the microbiome, SA has been shown to modulate the
composition of the root microbiome at the family level in A. thaliana [263]. Using Arabidopsis
knockout mutant lines, where essential components of the SA, JA and ET pathway were
targeted. Expectedly, mutants with the three respective pathways knocked out showed
a lower survival rate. Apart from the microbial compositional shift, it was shown that
certain bacterial endophytic families may actually require SA-related processes to colonize.
Exogenous supplementation of SA resulted in an observed altered microbial community
profile indicating potential SA-mediated preferential selection for microbial families [263].
Treating ginsing with phenolic acids over a 6-year period results in rhizosphere fungal
community shifts [273]. Li et. al. observed dramatic relative abundance changes of taxa at
both the genus and phylum level, with SA-associated changes significantly different from
control. However, a study in wheat observed no significant SA-induced root microbial
diversity shifts in a 72 hour time window [281]. There is recent evidence examining the
heterogeneity of the SA pathway, were in wheat the induction of SA may result in various
different chemical and even physiological responses [169]. It is therefore unclear whether the
underlining mechanism is temporal-, genotype-, or community-specific.

2.3.4

Cross-talk and the Interplay Between Pathways

Given the potential capacity of ET, JA and SA to modulate the microbiome, it is often
unclear how much cross-talk there is between pathways; however, there is evidence of
significant interplay between the respective defense pathways [247, 114, 458, 552]. The
interplay of phytohormones can be antagonistic, with microbes being able to exploit the
antagonism to facilitate colonization and thus evade host defense responses. [216, 219,
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380]. The microbes themselves may utilize effector molecules to actively manipulate the
phytohormone pathways and elicit antagonism between the pathways [231]. The classical
interpretation of the interplay between JA, SA and ET, is reviewed in [552]. Unfortunately,
little has been done thus far in untangling the potential pathway interaction and their effect
on the microbial community. Here we therefore discuss recent evidence that may suggest the
capacity of pathway cross-talk to manipulate and shape the microbiome.
As indicated above in the study of [55], a statistically significant difference was observed
in Variovorax abundance in both the ET and SA associated Arabidopsis thaliana knockout
mutants. There is the potential that the Variovorax abundance is actually managed by
the interaction between these respective pathways, given that ET and SA general have a
positive interaction and that Variovorax has been shown to be positively correlated with SA
[552, 28].
The phytohormone abscisic acid (ABA) is well known in its role in drought stress, salinity
stress and as a modulator of plant defense signalling. It has been shown to negatively impact
the SA-associated defense pathway, both positively and negatively effect JA associated
defense and has been shown to effect ET-associated pathogen defense [376, 473]. In potting
soil, exogenous application of ABA has resulted in preferential selection for Cellvibrio,
Limnobacter and Massilia microbes at the genus level [76]. However, cross-talk between
ABA and the other phytohormone defenses, in terms of the effect on whole microbial
communities, is largely still unexplored. Additionally, the mechanism of ABA’s affect on
whole microbiomes is poorly understood. Certain microbial species have been shown to
leverage ABA cross-interaction either by producing ABA or effecting ABA biosynthesis,
thereby effecting plant-microbe dynamics [473, 194, 221].

2.4

Abiotic plant stress and the impact on microbial
communities

Environmental stressors, including drought stress, temperature stress, and salinity stress,
impact plant development, metabolic activity, and the ability for the plant to interact with
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it’s phytobiome. The altered phytohormonal signaling and community structure alters the
plant’s ability to resist stress, resist disease, and alters the capacity for nutrient acquisition
[189]. While many studies have been performed on the response of the microbiome to abiotic
stress and the potential beneficial and deleterious effects on the host, it is less clear how the
host influences its microbiome under abiotic stress conditions.
Drought Stress
Drought stress has a significant impact on plant growth, development, metabolism, and
mortality [15]. Changes in the host in response to drought, in addition to changes in
environmental conditions, induce plant specific [338] and compartment specific [422] selection
of microbial communities; however, many drought responses, including changes in the
microbiome, are conserved across species [338] and soil types [422].
Actinobacteria is commonly enriched in drought across a wide range of different
compartments and plant species [155, 338, 422, 480, 541]. In Sorghum, drought causes
developmental delays in the root microbiome, selecting for monoderms [541].

During

drought, there was an association between increased carbohydrates in the roots and increased
carbohydrate transporters in Actinobacteria [541], suggesting altered root metabolites may
play a role in selecting certain species. Additionally, monoderms are less affected by the
increase in ROS by the plant during drought stress, relative to diderms [438]. Host ROS
metabolism genes were shown to be associated with Streptomyces (a genus of Actinobacteria)
in Populus leaves [155], potentially showing a more universal drought association between
the host and its phytobiome. ROS metabolism has been shown to be a general change across
species, omics levels, and compartments in drought [155, 3, 560, 136] that has impacts beyond
that of Actinobacteria.
ROS metabolism transcription and defense response transcription are correlated during
drought with a variety of taxa including Rhizophagus and nematodes [155]. ROS has been
show to modulate the host microbiome, including mitigating nematode infection [337] in
soybeans [41] and in tomatoes [505]. ROS have also been show to be beneficial in regulating
rhizobial symbiosis in Medicago truncatula [19]. In addition to ROS, other hormones with
defense affecting properties, such as ABA, are able to alter the host microbiome. ABA is
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upregulated in drought in a variety of plants including: Populus, Arabidopsis, Sorghum, etc
[155, 413, 103, 228]. Upregulation of ABA is associated with increased disease susceptibility
in a variety of plants [387, 154, 540]. However, the plant’s ability to withstand disease under
stress has been shown to be plant- and disease-specific [451]. Furthermore, combined drought
and disease stress has been shown to have an increased ability to mitigate disease [361].
Metabolite production and exudates of the plant, including carbohydrates, amino acids,
and other nutrients are altered in response to drought stress [480, 3, 484, 59]. Under more
mild drought conditions, rhizodeposition is increased, while under more severe drought
conditions, rhizodeposition is decreased, causing the exudate profile to be related to the
severity of the drought experienced [383]. The change in metabolite profile with the plant
also correlates with changes in the bacterial community, with root community composition
in Arabidopsis was shown to be dependent on the exudate profiles of the host plant [28].
Under drought, an increase in hydrolytic enzymes responsible for breaking down complex
carbohydrates such as lignin, cellulose, and other plant metabolites within the microbial
communities has been shown [59]. Additionally, bacteria can alter ethylene production
within the plant with ACC deaminase [23], which in turn, alters plant growth and metabolite
profiles to the benefit of plants and microbes [311, 565]. Not only can the host plant alter its
exudate profile to recruit organisms, the microbial community can influence what compounds
are being exuded, potentially creating a reciprocal relationship between the community and
exudate profile. It is currently unknown how much of the exudate profiles are a plant driven
process, and how much the microbial community can influence that process.

2.4.1

Temperature and Salinity Stress

Temperature stress can often accompany drought stress and has an impact on the fluidity of
plant membranes [418], plant metabolism [250], ROS activation [252], and protein misfolding
[426]. Under colder temperatures, root nodulation is decreased in beans, lentils, and peas
[227] and many organisms that live in the nodules have lower survivability [450]. Under
higher temperatures, a plant is less able to combat pathogens [316], allowing for colonization
of disease-causing organisms. However, some of the disease suppression lost during high heat
can be associated with the loss of microorganisms that naturally inhibit plant diseases [504].
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Conversely, in a wheat high temperature seedling plant, high temperatures induce a WRKY
transcription factor that promotes resistance to Puccinia striiformis infection [516].
In addition to drought and temperature stress, salinity stress also limits the types of
plants that can grow in a given area. High salinity can cause ionic and osmotic stress that
limits plant growth and damages plant cells [575]. Also, under salinity stress, plants have
increased ROS generation, ABA synthesis, and accumulation of carbohydrates within the
plant [178], resulting in a similar response to water stress. Plants also respond similarly to
drought in that ACC deaminase also can confer salinity resistance to the host plant [389].
Many studies have been performed that have identified potential plant growth promoters
under high salinity stress [210, 143, 559]. For example, 14 halotolerant microbes were shown
to improve canola root growth under salt stress by decreasing ethelyne production [447].
Additionally, Piriformospora indica was correlated with an increase in barley antioxidants
under salt stress [32]. Salt tolerance can also be promoted by fungi, such as Montagnulaceae
potential improving nitrogen availability in Suaeda salsa under salt stress [559]. Despite
many studies identifying potential plant growth promoters under saline stress, there is limited
knowledge of host plant influences selection of community structure under salinity stress.

2.5

Remaining Challenges

It is clear that there are recent efforts towards identifying plant specific modes of action to
control its microbiome. However, in a number of cases it is challenging to determine whether
any mode of action was plant mediated, microbial mediated, or environment mediated.
Furthermore, the complex and potentially reciprocal nature of interaction adds to challenge
of identifying plant control mechanisms, which is evident when identifying and understanding
phytohormone-based control mechanisms. Phytohormone pathways are interconnected, and
they mediate abiotic stress responses in complex and sometimes antagonistic manners. The
multi-layer interplay must then be delineated to understand the plant-microbe dynamic.
Apart from the possible plant-associated complexity, there is the dynamic among the
microbial community that must also be understood. Individual taxa in a microbiome may
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have a large effect on the whole microbiome structure, and the plant-based mechanisms may
effect influential members.

2.5.1

Towards Understanding Combinatorial Plant Mechanisms

Diverse plant accession libraries, provide a good framework to begin to compartmentalize and
understand the dynamic of combinatorial interactions. For example, the A. thaliana mutant
lines have provided a wealth of information on plant mechanisms that may influence microbial
populations; however, they do not address the potential for confounding interactions between
pathways. Additionally, the mutant lines on their own, do not address the question of
whether or not a respective pathway is necessary for the observed microbial shift. Approaches
that use the supplementation of plant associated compounds identifying interplay between
pathways and microbes need to be further addressed. Mutant lines with a combination of
potential pathways effected, or general quantitative trait loci (QTL) studies may be able to
address the interaction confounding factors. Unfortunately, using model organisms such as
Arabidopsis may not provide generalized results to all species given the variety in hormone
pathways and physiological-based mechanisms that plants have for interacting with their
microbial communities. There can be significant difference in the phytohormonal pathways
between plant species [105] with the differences being associated with the biosynthetic
pathway itself or the associated function of the pathway [169]. Additionally, certain plant
species may be more amenable to hormonal amendment than others [105]. It would therefore
be prudent to investigate other, non-model, organisms in a variety of environments with the
above mentioned techniques. Furthermore, multiple aspects of a study would need to be
manipulated, such as hormone abundance, abiotic stressors, biotic stressors, and presense or
absense of a microbiol community member (including putative keystone species), to elucidate
potential combinatorial effects between genotype, hormones, stress, and microbes.

2.5.2

Approaches to Unravel Microbial Community Dynamics

Synthetic or constructed communities provide an efficient approach to model microbial
diversity. In contrast to axenic controls that allow for the ability to hypothesize about the
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colonization capacity or pathogenicity of an individual microbe, synthetic communities allow
for the discovery of higher level interactions between plants and the microbial community.
To therefore begin to understand the complex ecosystem, may require an ecosystem point
of view, including those based upon constructed communities in controlled environments
(http://eco-fab.org/). However, synthetic communities may not be able to capture all of
the complex site to site variation observed in natural environments, given that site variation
can be a dominant factor in microbial diversity for certain plants [522]. Nevertheless,
constructed communities provide a model from which we can begin to reason, hypothesize
and understand the plants role in dynamic microbial community interactions.
Using computational biology approaches in combination with experimental field and
lab methods, including tools such as microfluidics and constructed communities, will
help advance understanding regarding plant recruitment of keystone microbes. Further
understanding of host-mediated recruitment of its microbiome will in turn improve our ability
to effectively and efficiently construct or manipulate plant-microbe systems for improved
agricultural and ecological restoration efforts.

2.5.3

The Holobiont

A significant body of literature focuses on the soil or rhizosphere; however, we know
that other compartments, including the root microbiota, can also influence above-ground
phenotypes [365]. Root exudates have a reciprocal impact on the microbial community, and
are influenced by the abiotic stress, biotic stress, and phytohormones. Some drought stresses
cause irreversible changes to root exudates [158], which can be important when trying to
engineer a community to promote plant growth under a variety of environmental conditions.
Therefore, it is important to study plant mediated effects on other compartments, but
determining if effects are compartmental cross-talk, abiotic stress or direct plant associated
is still an open problem.
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Chapter 3
Immune dysfunction and the lung
microbiome in COVID-19 positive
patients.
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Abstract
The pathogenesis of the SARS-COV-2 pandemic remains an ongoing concern.
It is also important to understanding pathogen dynamics is host microbiome
disease-immune interaction. Using publicly available data we analyze the impact
that a failing barrier and innate defense system has on the lung microbiome
of COVID-19 patients.

We use bronchoalveolar lavage (BAL) samples to

investigate lower-respiratory microbial composition and gene expression of
COVID-19 patients. In COVID-19 samples, genes involved in mucosal clearance
show potentially increased mucin production, together with impaired cilia. We
find evidence of microbial dysbiosis, with a significant prevalence of pathogenassociated taxa. Differentially expressed gene also shows that innate immunity
appears to be compromised. Together these may be important contributing
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factors to disease outcome in COVID-19 patients. These aforementioned factors
are important to consider in the development of therapeutics to combat the
disease. The virus’s capacity to affect motile cilia may also have potential distal
effects, as motile cilia are not also specific to the lung.

3.1

Introduction

The zoonotic betacoronavirus SARS-CoV-2 is now a global pandemic, infecting tens of
millions of individuals and causing mortality in more than 5.41 million. The complications
of the COVID-19 disease ranges from severe to asymptomatic and affect multiple organs
and systems, with the most severe cases presenting with pneumonia, acute respiratory
distress syndrome (ARDS), and sepsis [506, 554, 201]. The most frequently reported route of
infection of SARS-CoV-2 is via the respiratory system, which is constantly impacted by the
immigration of not just viruses, but also other microbes. As part of the microbial defense
mechanisms in the lung, mucociliary clearance is often the first response to prevent viral
infection. Mucins, the primary component of mucus, serve as a barrier mitigating pathogen
interaction with epithelial cells. Mucins not only bind to pathogens, suppressing virulence,
but they are also involved in the inflammatory response and immune signaling [276]. The
extrusion of bound pathogens from the lung requires the assistance of multi-ciliated cells
(MCC) that work in concert with mucins, to provide an initial layer of defense [215]. A
secondary layer of defense that assists in microbial clearance involves the coordinated activity
of the innate and barrier immune response [286]. With the barrier immunity referring to the
physical barriers that mitigate pathogen entry into the body. A third understudied defense
layer is the lung microbiome, which is normally maintained as a balance between the influx
of common microbes into the lung and the associated defense response-mediated efflux that
results. Research on these important interactions between microbiome and host has revealed
that the microbiome’s capacity to influence and modulate the immune system is complex
[476]. Although the literature has been predominantly focused on the role that the gut
microbiome plays, research into the microbial communities and interactions with the skin
and lung are gaining traction [419, 356]. In particular, viral infections such as influenza
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may influence gut microbiota composition [556]. Interestingly, there is evidence that a
healthy microbiome includes interactions among microbes and may have substantial effects
on organs and systems that are distally separated within the host. For example, the gut
microbiome’s composition may influence the risk of asthma [21], viral T-cell response during
respiratory infection [211], and neurological conditions [151]. Not only does the microbiome
have potential distal effects on the host, but the microbial communities across organs and
tissues are potentially associated. For instance, the microbiome of the lower-respiratory,
upper-respiratory, and gut microbiota may share some degree of similarity [35]. When these
microbial communities are disrupted, the changes that result can increase the susceptibility
to pathogens. Indeed, gut microbial dysbiosis impacts the development of secondary bacterial
infections during influenza infection [437]. Furthermore, it has been shown that infection of
respiratory syncytial virus (RSV) in infants can lead to the colonization of pathogenic genera
such as Staphylococcus and Prevotella [406]. In the same study, rhinovirus infection led to
a significant increase in environmental-associated bacteria of the family Comamonodaceae
and several other reports have shown that respiratory infection by influenza may increase
the susceptibility to Streptococcus infection [315, 378, 267]. Furthermore, viral infection
may increase the probability of lower-respiratory colonization by bacteria owing to its effect
on mucosal clearance. For instance, infection by RSV was shown to result in secondary
ciliary dyskinesia, inhibiting microbial clearance [454]. Similarly, influenza infection has
been shown to negatively affect mucosal clearance resulting in increased bacterial burden
[378]. For a recent review of microbial dysbiosis and disease see the article by Harper and
colleagues [187]. Although significant alterations in bacterial diversity have been associated
with SARS-CoV-2 infection [185, 545], the contribution of these microbes to COVID-19 is
unknown. Critically ill COVID-19 patients have also shown significant bacterial β-diversity
differences, though not α-diversity in the lung [149]. Bacterial taxa that were associated with
COVID-19 positive critical patients include Pseudomonas alcaligenes, Clostridium hiranonis,
Acinetobacter schindleri, and members of the genera Sphingobacterium and the family
Enterobacteriaceae. Preliminary results also suggest that prior bacterial dysbiosis in COVID19 patients may lead to secondary infection of bacterial pneumonia [488]. A metagenome fecal
study of COVID-19 hospitalized patients also showed the presence of opportunistic pathogens
43

generally associated with the oral and upper-respiratory system [579]. Interestingly, the
study also found that the presence of members of the Bacteriodetes family associated
significantly with viral load. Another gut microbiome study in COVID-19 patients also
found that not only do COVID-19 patients exhibit an increase in opportunistic pathogens,
but also a depletion of putative symbionts [174]. In addition, COVID-19 post-mortem lung
tissue exhibited a high prevalence of environmental bacteria, such as Acinetobacter [135],
but it is not known how this relates to the disease. For the oral microbiome, COVID19 patients appear to exhibit a decrease in bacterial diversity, but an increase in fungal
diversity [456]. Severe patients also showed a decreased response to mucosal antibodies.
There is also evidence to suggest that microbial features of the lung or gut may be predictive
of COVID-19 severity [317, 555]. A number of studies have investigated alterations to the
microbiome, though only a few have included the potential co-occurring immune response in
COVID-19 patients [238]. Our contribution to the improved understanding of the COVID19 pandemic, is to investigate alteration of the lung microbiome of active cases of COVID19 and the associated immune response. We leveraged the high-performance computing
environment at Oak Ridge Leadership and Computing Facility (OLCF) to analyze microbial
and host gene expression composition of publicly available COVID-19 bronchoalveolar lavage
metatranscriptome samples. In particular, we investigated genes involved in the barrier and
innate defense response, and how the associated immune responses may impact the microbial
community.

3.2
3.2.1

Materials and Methods
Databases and datasets

We obtained 9 publicly available bronchoalveolar lavage (BAL) lung samples of 5 COVID-19
patients (NCBI SRA Accession PRJNA605983). The samples consisted of paired-end RNAseq metatranscriptomic reads. Additional clinical information on the COVID-19 patients
are represented in Supplementary Table 5. The COVID-19 samples lacked clear indications
of any putative patient co-morbidity. We were interested in comparing COVID-19 samples
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against non-COVID-19 controls, not necessarily a stereotypical healthy controls. To mitigate
the potential for biases, we chose a conservative approach in our control samples and included
patients with various co-morbidities. Our non-COVID (NC) controls comprised 40 BAL
samples taken from a set of asthmatic, non-asthmatic, obese, and non-obese patients (NCBI
SRA Accession PRJNA434133, see Supplementary Table 1). These samples contained both
host and non-host RNA. The host-aligned reads were processed in a differential expression
analysis (see Bioinformatic Processing and Differential Analysis). The non-host RNA reads
were analyzed using a taxonomic assignment pipeline, using ParaKraken (see Taxonomic
assignment) [156]. For the analysis on putative pathogens we obtained a reference list
of pathogen-associated bacteria from two publicly available databases [495, 17]. For the
COVID-19 tissue atlas data set (NCBI SRA Accession PRJNA616446), comprising 10
samples, we only performed taxonomic assignment. To be consistent across samples, our
analyses was focused on non-amplicon, bulk RNA-Seq samples sequenced on an Illumina
platform.

3.2.2

Bioinformatic Processing and Differential Analysis

Raw reads were downloaded from NCBI’s Sequence Read Archive (project accessions
PRJNA605983 and PRJNA434133). CLC Genomics Workbench (20.0.3) was used to perform
trimming, using default parameters, followed by alignment against the GRCh38 human
transcriptome. Alignment parameters were applied as described in [159] (see Supplementary
Table 3 for alignment rates). Differential analysis between COVID-19 and non-COVID-19
control samples was performed, at the gene level, using the edgeR package in R [401], after
TMM normalization to account for library size biases, and accounting for technical variation
using the RUVseq package with k = 1 factors [399]. Genes for differential analysis were
derived from aggregated transcript level counts. Genes that contained only transcripts that
comprised a significant number of reads mapping to repeat regions were discarded, with
significance determined by a breadth of coverage greater than 50% of the repeat region and
more than 50% of the transcript-aligned reads. Multiple hypothesis correction was applied
using Benjamini-Hochberg [43], with a FDR threshold of 0.01. Also, for a gene to be included
in our subsequent analysis, it had to be present with a minimum raw count of 50 reads in at
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least 4 COVID-19 samples and 11 control samples. This resulted in 3647 differential genes,
with 1135 over-expressed and 2512 under-expressed. We investigated genes associated with
motile cilia and mucosal clearance (Supplementary Table 2).
Functional annotation of differentially expressed genes was performed using the ToppFun
enrichment analysis from ToppGene [80] (Benjamini-Hochberg FDR threshold of 0.05), per
feature category. We analyzed the results from the following feature categories: Disease
(which include CLINVAR, GWAS, DisGeNET, and OMIM MedGen), Gene Ontology (GO)
Biological Process, GO Molecular Function, Gene Family, Human Phenotype, Pathway
(which include, BioCYC, KEGG, REACTOME, Pathway intersection Database, GenMAPP,
MSigDB, PantherDB, Pathway Ontology, and SMPDB), and PubMed. Differential genes
that had a statistically significant association to a feature category were then visualized in
Cytoscape v3.8.1 [441].
An estimate of putative immune cell enrichment was performed using the xCell function
from the immunedeconv R package. The bulk RNASeq data was processed according to the
default recommendation for non-tumour samples described in the package documentation.
The resultant enrichment scores were then scaled and normalized to a −1 and 1 range.
The results were visualized using the pheatmap R package (Supplemental Figure 4). This
analysis allows for the comparison of putative immune cell types across samples, though not
across cell types. For immune-related genes, we selected 147 genes that had an immunespecific GO Biological Process annotation, and further determined with which Disease,
Gene Family, Human Phenotype, and Pathway annotation they had a significant association
(Supplementary Table 4). Annotations with a minimum of 35 genes were selected, then the
annotations were clustered into modules using the python-louvain algorithm based on the
number of genes shared. This uncovered five functional modules. Given the nature of the
gene profile, some annotations may not be lung-specific.

3.2.3

Taxonomic assignment

Reads that did not map to the host were assigned to taxa through ParaKraken [156], a
parallelized version of Kraken2 [528], using the high-performance Summit supercomputer
at the Oak Ridge Leadership Computing Facility (OLCF). The results were collated into a
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taxa-sample matrix, where values represent the number of reads assigned to a particular taxa
in a given sample. Taxa-sample values that did not have a minimum of 50 reads assigned
were masked from further analysis. The matrix was subsequently normalized and scaled to
account for library size biases, thereby obtaining relative read count values per sample. A
variance stabilizing transformation of the read count values was then performed by taking
the natural log. The matrix was then binarized into presence/absence values to reduce noise.
Taxa-sample values, after being log-transformed, that were greater than the non-zero median
of the given sample were classified as present, otherwise the taxa-sample value was classified
as absent. One COVID-19 positive sample had a disproportionately larger number of taxa
(more than 3-fold), compared to the other COVID-19 positive samples, and was discarded
as an outlier (Supplemental Figure 1). As an internal control, we confirmed the presence of
SARS-COV-2 in all COVID-19 samples, and its absence from all NC control samples.

3.2.4

Microbiome statistical analysis

The microbiome data were analysed in Python and R, with Shannon, Simpson, and Chao1
diversity calculated on the aggregated presence/absence of taxa at the respective phylum
and family level, using scikit-bio in Python. Enrichment analyses were performed using the
Fisher Exact test, with a Benjamini-Hochberg correction for multiple hypotheses bias. The
Mann-Whitney U-test was used to compare the alpha-diversity values across samples.
The ordination analysis was performed using Principal Coordinate Analysis (PCoA),
using scikit-bio. The presence/absence data was aggregated at various taxonomic resolutions,
and the Bray-Curtis dissimilarity measurements of all sample pairs were then calculated and
projected using PCoA.
We determined whether or not the presence of a taxa was informative of a COVID-19 or
non-COVID-19 state for each respective taxonomic resolution. We calculated the uncertainty
coefficient (UC) [478] between the target variable, which indicates whether a sample is
COVID-19 or control, and a feature variable. The feature variable indicates whether or not a
particular taxa, at a taxonomic resolution, was found within the corresponding sample. The
UC measure allowed us to quantify the proportion of uncertainty with respect to the target
variable that can be explained by the feature variable. Therefore, if the UC value was above
47

0.5 we interpreted the feature variable as informative of the target. We then determined,
for each taxonomic resolution, the fraction of taxa that were estimated to be informative for
COVID-19 samples and compared them to NC control samples. The resulting informative
taxa were compared to the list of pathogens (Databases and datasets).

3.2.5

Microbial to host gene-expression analysis

To uncover microbial incidence that may associate with gene-expression profiles we performed
a cross-omic analysis. In particular, we used an all-pairs correlation ratio analysis to compare
the aggregate presence/absence of microbes across the samples at the family level to the
gene-expression profiles for differential genes (see Bioinformatic Processing and Differential
Analysis). This analysis resulted in a matrix where taxa are described by the rows while
columns represent genes, with values the respective correlation ratio. We then performed
hierarchical clustering using the unweighted pair group method with the arithmetic mean
(UPGMA) approach over the rows and columns, respectively. This resulted in a set of taxa
clusters and a set of gene clusters. All pairs of taxa/gene clusters were then compared
filtering for those pairs with the highest average correlation ratio over the two clusters. We
restricted further analysis of gene clusters to those that contained statistically significant
Biological Process gene-ontology (GO) terms. The GO enrichment analysis was performed
using ToppFun [80], with a threshold for false discovery correction (FDR < 0.05). We further
filtered the significant GO-terms to their most specific terms by a depth first search of the GO
hierarchy. The analysis of taxa clusters were restricted to those that had a high correlation
with the enriched gene clusters and contained taxa that were present in both COVID-19 and
control samples. The taxa clusters were then analyzed for enrichment of COVID-19 samples
over control, by comparing the aggregated family level incidence of all taxa in the cluster
using a one-tailed Fisher enrichment (FDR < 0.01). The final resultant cluster pairs were
visualized in Cytoscape (see Supplemental Figure 5) along with the significant GO-terms,
more information on the taxa/genes that comprise the respective clusters can be found in
the supplementary tables 6, 7, and 8.
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3.3
3.3.1

Results
Potential inhibition of mucociliary clearance

The nine publicly available bronchoalveolar lavage (BAL) lung samples of COVID-19 patients
provided a means to simultaneously analyze the host response of respiratory cells as well as
microbiotal composition compared to non-COVID (NC) controls. To determine if the initial
mucosal clearance defense mechanism was impacted in COVID-19 patients, we carried out a
differential gene expression analysis with a focus on genes involved in this process. Several
mucins were significantly over-expressed in COVID-19 samples; MUC12 : fold change (FC)
∼ 58.74442, MUC20 : FC ∼ 2.30570, MUC4 : FC ∼ 15.17856, MUC5AC : FC ∼ 13.00411,
and MUC5B : FC ∼ 29.46581. MUC4, MUC12, and MUC20 are membrane bound mucins,
while MUC5AC, and MUC5B are secreted mucins 3.1. MUC4 and MUC20 have been shown
to localize to ciliated cells, while MUC16 has been shown to localize to secretory cells [237].
In addition, MUC4 interacts with ERBB2 (HER2) (FC: ∼ 2.03686), where HER2 has been
implicated in suppressing viral defense [535, 276]. Macrophage markers such as CD68 (FC
∼ −98.80803), and CD14 (FC ∼ −24.98700), have also been associated with differential
regulation of secreted mucins MUC5AC and MUC5B [448, 359].
In addition to the mucin genes themselves, we analyzed the gene expression patterns of
proteins important for their regulation. Of the respective mucins, MUC5AC is the most
well studied. Increased levels of MUC5AC may be due to increased differentiation of club
or basal cells into goblet cells, or other signaling pathways [168]. These signaling pathways
involve either CREB-signaling, SP-1, AP-1, or inflammatory pathways such as NFkB [415].
Cell differentiation generally requires Notch/Delta-like or Notch/Jagged ligation signaling
to determine progenitor cell differentiation into goblet or ciliated cells [460]. No evidence
of differentially expressed Delta-like genes were found, but JAG2 (FC ∼ 5.91982) and
NOTCH4 (FC ∼ 5.48438) are found to be over-expressed, and NOTCH1 (FC ∼ −4.70075)
and NOTCH2 (FC ∼ −10.88338) are under-expressed in COVID patients. NOTCH1 is
specific for goblet cell differentiation, while NOTCH2/4 ligation has been shown to have
no effect on goblet cell differentiation [168]. In addition, ADAM10 (FC ∼ −37.17545) is
required for cleavage of the NOTCH1 receptor to facilitate ligand-based signal transduction.
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Figure 3.1: Dysfunctional mucosal clearance. The Notch pathway governs cellular
differentiation of goblet, club, and ciliated cells. Jagged (JAG2) ligand-associated signaling
with NOTCH2 together with putative lack of ADAM10 cleavage and increased FOXJ1
expression, suggest goblet/club cell differentiation, as opposed to ciliated cell differentiation,
is unlikely. However, the under-expression of cilia-mechanistic-associated genes and assembly
genes, suggests motile ciliogenesis and function may be negatively impacted. We also
observed increased mucin transcript production, where mucins can trap microbes, neutralize
pathogenicity, and signal defense genes, such as macrophages. However, compromised
distal macrophage signaling and motile cilia movement may deleteriously impact the lung’s
microbial clearance.
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Therefore it is unlikely that increased levels of MUC5AC are due to goblet cell differentiation.
Signaling pathways that regulate MU5AC production involving CREB signaling are also
unlikely given that CREBBP (FC ∼ −3.87535), PRKACA (FC ∼ −18.67681), PRKAA1
(FC ∼ −20.02931), and PRKAR1A (FC: ∼ −5.38216 are all under-expressed and part
of the CREB signalling pathway [335]. We also find that SP-1 (FC ∼ −16.30089) is
under-expressed, and the AP-1 complex may be down-regulated (AP1B1 FC ∼ −20.86591,
AP1M1 FC ∼ −2.02759). Furthermore, regulation by NFkB is also unlikely (NFKB1 FC:
∼ −26.76526 and NFKB2 FC: ∼ −2.40859, however neither NFKB1 nor NFKB2 met
the minimum read count threshold). Therefore regulation of MUC5AC production may be
attributed to other inflammatory signaling pathways.
Motile cilia are responsible for clearing mucin-bound pathogens from the lung; we
therefore investigated genes associated with ciliogenesis and cilia function.

For cilia-

associated genes we find RSPH3 (FC ∼ −4.72067), DNAH1 (FC ∼ −2.27663), and
CFAP298 (FC ∼ −1.30828) to be under-expressed in COVID-19 samples. Mutations in both
the radial spoke head protein (RSPH3) and the cilia-flagella-associated protein (CFAP298)
have previously been directly implicated in cilia motility dysfunction and are associated
with Primary Ciliary Dyskinesia (PCD) (CLINVAR: C0008780) [218, 217]. Similarly, the
dynein arm heavy chain coding gene (DNAH1), part of the inner dynein arm, has also been
associated with PCD and may affect cilia motility [214].
We also observed that the major regulator of motile cilia, FOXJ1 (FC ∼ 6.04145), is overexpressed in COVID-19 samples. FOXJ1 has been shown to be necessary and sufficient for
motile cilia formation [558], indicating that motile cilia may still be synthesized. However,
we find that the genes RFX2 (FC ∼ −1.75182) and ARHGEF18 (FC ∼ −3.48894) are
under-expressed. RFX2 is also an important regulator of motile cilia formation along with
FOXJ1, though RFX2 has been independently implicated in the apical assembly of emergent
multi-ciliated cells (MCCs) [90]. The rate and size of the apical assembly of MCC cells
are positively controlled by the RHOA-encoded GTPase [435], where ARHGEF18 directly
activates RHOA.
Therefore this expression profile suggests that ciliary-based clearance may be compromised, owing to under-expression of cilia assembly genes and motility genes. Assembly will
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affect the distribution of cilia, and motility will impact MCC’s ability to clear mucus 3.1.
Together with an increase in mucins expression, patients may therefore exhibit an increased
microbial burden.

3.3.2

COVID-19 BAL samples display a higher taxonomic richness

The potential of a compromised mucosal clearance defense suggests the inability to remove
microbes from the lung, leading to a putative shift in the lung microbiome of COVID19 patients. Therefore, we investigated the microbial diversity of the lungs of COVID-19
positive patients compared to NC controls. Microbial presence/absence data was derived
from the non-host RNA, from the same samples used for the differential expression analysis
(Methods).
We first observed that the COVID-19 samples, when compared to the NC controls, have
a much larger number of taxa (1278 vs 368), even when accounting for potential library
size biases. We observed significant diversity differences between sample sets at both the
phylum and family level. Aggregating presence/absence at the phylum level, we found
that COVID-19 samples clearly separate from the NC controls, when performing a principal
coordinate analysis using the pair-wise co-occurrence (Bray-Curtis dissimilarity index) of the
samples 3.2. In terms of beta-diversity, to assess the similarity of taxa between communities,
the COVID-19 and control samples have statistically significant differences in microbial
composition at both the phylum (PERMANOVA pseudo-F 34.269, p-value < 0.01) and
family (PERMANOVA pseudo-F 33.080, p-value < 0.01) levels. Furthermore, we find that
a stratified analyses leveraging the co-morbidity information in the control samples show
a significant differences between control and COVID-19 samples at both the phylum and
family level (PERMANOVA pseudo-F 6.979, p-value < 0.01 and PERMANOVA pseudo-F
6.469, p-value < 0.01, respectively), see Figure 2 for the PCoA plot.
We also observed that the COVID-19 samples have a higher average Shannon diversity
index than the controls (2.659 ± 0.449 vs 2.245 ± 0.258, p-value < 0.05). The COVID-19
samples also showed a significantly higher average Simpson diversity index (0.738 ± 0.101
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Figure 3.2: Microbial characterization of COVID-19 BAL samples. A) The distribution of
taxa found in COVID-19 BAL and control samples, summarized by domain. The distribution
indicates the high prevalence of bacteria, followed by Eukaryota fungal taxa, and a small
fraction of archaea. B) PCoA plot indicating clear differences between the COVID-19 BAL
samples and control at the family level. The analysis also shows a high potential variance
among COVID-19 samples. PERMANOVA shows significant differences between COVID19 and control samples (p-value < 0.01). C) Diversity indices for COVID-19 and control
samples at the phylum and family level, respectively. The results show a consistently higher
diversity for COVID-19 samples across all measures.
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vs 0.688 ± 0.070, p-value < 0.05). Finally, the differences captured by the Chao1 index
indicated a significantly higher average richness for COVID-19 samples (116.6 ± 70.104 vs
10.319 ± 2.080, p-value < 0.05). The increased diversity/richness of COVID-19 samples over
the NC controls is also observed at the family level, across all three respective indices 3.2.
The overall diversity profiles, therefore, suggest potential dysbiosis in the lung microbiome
of COVID-19 positive patients.

3.3.3

Opportunistic Bacterial and Fungal Pathogens in COVID-19
positive patients

Given the diversity observed in the lungs of COVID-19 patients, we then determined the
taxonomic composition of the microbes found in the respective samples. We find that
bacteria dominate the identified taxa (∼ 81% and ∼ 74% identified bacterial taxa across the
COVID-19 and NC control samples, respectively), followed by fungi (∼ 18% for COVID19 samples and ∼ 25% for NC samples) ( 3.2 ).

The more prevalent bacterial phyla

are Proteobacteria, Firmicutes, Bacteroidetes, and Actinobacteria (3.3). The COVID-19
samples have a larger proportion of Bacteroidetes taxa compared to NC controls (FDR
< 0.05, odds-ratio 4.9735).

In contrast to Bacteroidetes, the COVID-19 positive and

control samples appear to have similar proportions of Proteobacteria and Firmicutes,
respectively (3.3). Aggregating the presence/absence information to the family level, clear
differences between the sample sets become apparent. The beta-diversity of family-level
taxa belonging to the Actinobacteria, Bacteroidetes, Firmicutes, and Proteobacteria phyla
indicated significant differences between COVID-19 samples and NC control samples (p-value
< 0.05). Investigating all family-level taxa that comprise more than 1% of the identified
taxa, we observe that of the 28 COVID-19-specific bacterial family-level taxa in 3.3, 19 are
either known pathogens or opportunistic pathogens, known to affect immunocompromised
individuals.
In terms of fungi, we find both the COVID-19 and NC control samples contain taxa
belonging to the Ascomycota, Basidiomycota, Mucoromycota, and Zoopagomycota respective
phyla (3.3). We find no enrichment for fungi in COVID-19 samples at the phylum level
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Control

Control
Phylum

COVID-19

COVID-19

Family

Figure 3.3: Microbial taxa. Fungal and bacterial taxa characterized at the phylum and
family level. Here, only taxa representing a fraction greater than 1% based on aggregated
presence/absence at the family, or phylum level are shown. Those taxa indicated by an
asterisk are statistically significantly different between COVID-19 and control samples using
Fisher Exact test (FDR < 0.05)
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when compared to the NC controls. However, the family level beta diversity of the fungal
phyla Ascomycota, Basidiomycota, and Zoopagomycota, respectively, show significant betadiversity (p-value < 0.05) when comparing COVID-19 samples to NC controls.
Given the significant dissimilarity of microbial composition between COVID-19 and NC
samples, we determined whether or not the presence/absence of a taxa at a particular
taxonomic resolution was informative of the COVID-19 state of a sample (3.4). We observed
that, at all taxonomic resolutions, the fraction of informative taxa identified in COVID-19
samples was consistently higher than those in the control. At the genus level, we observe
26.6% of the identified taxa in COVID-19 samples are informative, while only 11.2% are
informative in the control. Given the decreased variation of possible taxa identified at
the phylum level, we see a narrower difference, namely 27.2% of the taxa in COVID19 samples are informative, and 25% in the control. Together with the aforementioned
alpha and beta diversity measures, we can see clear community differences between the
COVID-19 samples and the controls. In particular, we also determine that specific taxa
may be discriminatory or predictive of COVID-19 samples. If we restrict these potential
discriminatory taxa to potential pathogens, we observe that COVID-19 samples have a
consistently higher percentage that are informative.
Overall, the presence of putative pathogenic bacteria and fungi suggests that the COVID19 patients may exhibit a dysfunctional immune and mucociliary clearance response in the
lung.

3.3.4

COVID-19 lung enriched for putative environment-associated
bacteria

The pathogen-associated bacteria in the lower respiratory system of COVID-19 positive
patients suggest the potential for environmentally-acquired microbes. There is also the
potential for the upper respiratory system to serve as the source for microbes in the lowerrespiratory system and gut [302]. We determined if there are associations between oral, gut
and lower-respiratory bacteria within COVID-19 positive patients, using a COVID-19 tissue
atlas data set. Furthermore, we determined if there was significant overlap of COVID-19
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Figure 3.4: Informative taxa and sample sites. A) Fraction of taxa that were determined to
be informative (uncertainty coefficient > 0.5) of COVID-19 vs. control samples, at various
taxonomic resolutions (P = phylum, O = order, C = class, F = family, G = genera). B)
The fraction of informative taxa that are pathogen-associated. COVID-19 positive patients
exhibit an increased fraction of pathogen-associated taxa. C) Sample sites compared between
COVID-19 atlas, COVID-19 BAL, and the human microbiome project (HMP). Our analysis
suggests a significant overlap between bacteria identified in COVID-19 gut and respiratory
samples, with bacteria from epidermal samples from the HMP. Therefore bacteria may be
potentially environmental.
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positive lower respiratory bacteria, with gut, upper respiratory, and epidermal samples on
COVID-19 negative individuals from the Human Microbiome Project (HMP) [94].
For COVID-19 positive patients, we observed significant overlap of bacterial genera
between the lower respiratory BAL samples, when compared to the combined gut and
upper respiratory samples: Bacteroidetes (odds-ratio 21.56, p-value < 0.05); Proteobacteria
(odds-ratio 3.534, p-value < 0.05); Firmicutes (odds-ratio 15.798, p-value < 0.05); and
Actinobacteria (odds-ratio 56.34, p-value < 0.05) (Supplemental Figure 2).

We then

compared COVID-19 lower-respiratory, genera-level bacteria to the HMP bacteria with
positive relative abundance (Supplemental Figure 3). We found that overall, 42.5% (411) of
the COVID-19 taxa across the BAL and atlas datasets matched taxa found in HMP. The
HMP did not specifically include lower respiratory samples. However, of the lower respiratory
taxa identified in the BAL samples, 193 taxa had matches in HMP. Investigating these 193
taxa, we see an overlap of 34.3% (66 taxa) with HMP gut samples, 66.3% (128 taxa) with
HMP upper respiratory, and 94.4% (182 taxa) with HMP skin epidermis samples. For the
atlas data, we found 91 taxa of the gut-associated samples matched across HMP. We see that
of these 91 taxa, 83.4% (74 taxa) were found in epidermal samples, with only 11 taxa unique
to the epidermis. Of the 343 taxa found in the COVID-19 atlas upper respiratory-associated
samples, 95.1% were found on the epidermis with 41% (143 taxa) unique taxa. If we focus on
Bacteroidetes taxa found in the COVID-19 BAL samples specifically, we see that of the 29
taxa, 18 were matched to the HMP. No taxa were uniquely associated with the gut nor the
upper respiratory samples. However, all 18 matched epidermal samples, of which 13 overlap
with other tissues. Similarly for Firmicutes, we find taxa predominantly (93.4% ∼ 42 taxa)
in the epidermal samples, with 71% (32 taxa) shared in different proportions between the gut
and upper respiratory HMP samples. For Actinobacteria, we see all COVID-19 BAL taxa
were found in epidermal samples (29 taxa), with 51.7% (15) shared over the respective gut
and upper respiratory samples. Together these suggest a lower respiratory tract dominated
by epidermal, possibly environmental, bacterial taxa in COVID-19 patients ( 3.4).
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3.3.5

Compromised immune profile

The putatively compromised mucosal-clearance defense, together with the potential microbial dysbiosis, further suggests that other immune defense systems may be compromised
in COVID-19 positive patients. We sought to determine broad patterns of differentially
expressed genes from the differential gene analysis and how they may relate to immune
processes. We restricted our analysis to a stringent set of highly significantly differentially
expressed genes, namely genes with an absolute log-fold change (LFC) greater than 5.
Functional annotations that were statistically significantly associated with immune-related
genes were grouped into functional modules based on their shared gene profile (Figure 3.5).
The functional modules define distinct phenotypic patterns. The annotations of viral
diseases, Hepatitis B and C, tuberculosis and HIV indicate that module 0 genes are
associated with pathogen-derived diseases. In contrast, in module 2 annotations indicate
that these genes are associated with conditions traditionally affecting an elderly population,
immunocompromised individuals, or poor clinical outcomes, such as cardiovascular disease,
arthritis, neurodegenerative disorders, and sepsis. Module 1 comprises an underlying shared
gene profile that appears to be associated with abnormal structural growth or developments
of tissues, for example abnormal morphology of the respiratory system and abnormal immune
system morphology. Module 3 constitutes a profile of immune system regulatory functions,
while module 4 appears to exhibit more of an immune system activation profile. Together,
modules 3 and 4 indicate severe under-expression of genes involved in the innate immune
system.
Across the respective modules illustrated in Figure 3.5, we observe that the immunerelated genes are primarily under-expressed. This suggests that the immune regulatory
system may be compromised, along with the immune system’s capacity to activate a specific
defense response. Together this is consistent with an emergent immune profile common
among viral and/or immune-compromised individuals, and in particular COVID-19 positive
patients [388].
From an enrichment analysis of immune cell types across the samples (Supplementary
Figure 4), we observe that the COVID-19 positive samples appear to be depleted of adaptive
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Figure 3.5: Functional modules of differentially expressed genes. Genes that were
significantly differentially expressed (FDR < 0.01, absolute log fold change > 5), and had a
statistically significant annotation (FDR < 0.05) were grouped into modules based on their
shared gene profile. The red radial dial at the center of the node indicates the proportion of
the over-expressed genes. The remaining genes (light blue proportion of the center) were all
under-expressed. Module 0 indicates functions that share genes that appear to be associated
with pathogen-derived diseases. Module 1 has a shared gene profile that is enriched for
structural, morphological and physiological abnormalities. Module 2 has a shared gene
profile enriched for diseases or conditions associated with elderly or immunocompromised
individuals. Module 3 and 4 are enriched for a shared gene profile indicative of innate
immune regulation and activation. Across all modules, the proportion of under-expressed
genes are much larger than over-expressed.
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immune cells such as CD4+ T-cells, CD8+ T-cells, and B-cells; and innate immune related
macrophage cells. Interestingly, an enrichment of eosinophil cells was observed in COVID19 patients compared to NC controls. With recent evidence suggesting that COVID-19
pathology may drive eosinophil-mediated inflammation [241]. Furthermore, we also observe
an enrichment of endothelial cell markers in COVID-19 positive samples, with SARSCOV-2 infection associated with endothelial activation, endotheliopathy, and associated
coagulopathy in the lung [314, 390]. Our results also show an enrichment of plasmacytoid
dendritic cells (pDCs); where pDCs are known to be involved in inflammatory viral defense.
Though, previous findings suggest that pDCs are impaired in severe COVID-19 cases
[527, 25]. However, gene expression enrichment of pDC genes have previously been reported
in COVID-19 BAL samples [101]. Collectively the estimated cell type analysis suggests
an impaired immune response, the potential for coagulopathy, and complex inflammatory
response.

3.3.6

Immune dysfunction correlated with putative pathogenic
microbes

We analysed the correlation between the incidence of taxa aggregated to the family level
and the expression profile of genes across the samples, selecting for highly associated
gene-taxa sets through hierarchical clustering (Methods). For the respective gene sets we
find that two sets comprise differential genes with significant and relevant gene ontology
(GO) Biological Process terms (Methods).

The first set of genes were predominantly

differentially under-expressed. From the gene GO-terms, regulation of keratinocytes appears
to be down regulated, suggesting impeded epithelial cell-profileration compared to the NC
control samples. Given that the keratinocyte growth factors have been shown to induce
epithelial cell-proliferation in order to protect against injury [479]. The down regulation
of positive regulators related to morphogenesis also suggest the potential for an impeded
cell-proliferation in the lung. We also observe that negative regulation of erythocytes is
down regulated, while neutrophil degranulation appears to be down regulated. Interestingly,
there is evidence that erythrocyte may result in suppression of the neutrophil degranulation
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response [285].

The second gene-set also contains predominantly differentially under-

expressed genes with their statistically significant GO-terms providing evidence for the
putative down regulation of spindle, cytoskeleton, and microtubule organization, thereby
suggesting cellular structure may be compromised. The gene-set also show putative underexpression of negative regulation of granulocyte differentiation, therefore a granulytic defense
signal may still be present.

However, TNF mediated leukocyte signalling appears to

be compromised, furthermore innate and adaptive responses such as the T-cells, natural
killer cells, and apoptosis responses appear to be hampered. Microtubule and the cellular
cytoskeleton may be critical for the appropriate immune function of immune cells [212]. In
particular, the immunological synapse is necessary for T-cell interaction and function. Recent
evidence suggests that cytoskeleton and microtuble may control the signaling microcluster
formation and migration in the immunological synapse, thereby the T-cell formation and
function [308]. Together these two gene-sets suggest a response that attempts to suppress
inflammation, potentially hampered by compromised cell proliferation, and dysfunctional
cell structure.
The two gene clusters have a strong correlation with two respective taxa clusters. The
first of these taxa clusters contains a single fungal taxa belonging to a family of rust
pathogens Melampsoraceae. The second cluster contains the bacterial family of putative
pathogens Streptococcaceae and the bacterial family taxa Comamonadaceae. Interestingly,
Comamonadaceae has been found to correlated with asthmatic hypersensitivity in a lung
microbiome study [206]. The second taxa cluster had a high correlation with several gene
clusters, though none of the genes within these clusters had significant Biological Process
GO-terms. Each of the respective taxa-clusters were also found to be enriched in COVID-19
samples compared to NC controls (Fisher Exact Test, FDR < 0.01). Several other taxa
clusters were also enriched for COVID-19, though none were strongly connected to geneclusters with significant Biological Process GO-terms.
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3.4

Discussion

We have provided a unique perspective combining a gene-expression analysis in tandem with
an overview of microbial compositional differences between COVID-19 and non-COVID-19
samples. Our analyses reveals potential alteration in cilia assembly, microbial dysbiosis, and
putatively compromised immune system of COVID-19 hospitalized patients. Furthermore,
we implicate several putative pathogens strongly associated with COVID-19 patients, with
fungal and bacterial taxa that correlate with gene profiles that suggests putative mechanisms
involved in SARS-COV-2 pathogenesis.
A critical component of the initial defense response in the lung is mucosal clearance. Our
results suggest a potentially compromised mucosal clearance in COVID-19 patients, which
is consistent with clinical data, where mucus plugs were observed [513]. In addition, Lu et
al. 2020, found increased mucus in the airways of critically ill COVID-19 patients, together
with increased MUC5AC protein expression [292]. Mucins such as MUC5AC and MUC5B
can bind microbes, and preserve them, mitigating pathogenicity without eliminating these
microbes [147]. We found that increased mucin production is unlikely to occur owing to cell
differentiation, or more well known mucin signalling responses. Therefore, other potentially
inflammatory mechanisms may be regulating mucin production, such as bradykinin signaling.
Increased mucus in the lung can be caused by the activation of the B2 bradykinin receptor
[334]. Furthermore, bradykinin has been shown to assist the lung in mucosal clearance [381]
via the stimulation of cilia movement [474], and bradykinin may play an important role
in SARS-CoV-2 pathogenicity [159]. As described above, the reduction in the expression
of key cilia-associated gene expression may counteract the effect of cilia stimulation to
clear the infection. Therefore, it is possible that the compromised expression profile of
cilia-specific genes may inhibit cilia formation and their synchronized movement, thereby
reducing the lungs’ ability to clear microbes. In patients that have presented with Primary
Ciliary Dyskinesia, which involves the disordered movement of cilia, mucosal clearance is
compromised, leading to increased microbial infection, and poor outcomes [293]. Secondary,
or acquired, ciliary dyskinesia has previously been found to occur during viral infection [454].
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It has also been speculated, given the potential for viral disruption of cilia, that SARSCoV-2 may similarly disrupt cilia function [271]. This is supported by images of SARSCoV-2 infecting cilia-containing cells in the lung [125]. The motile cilia of the respiratory
system have also been hypothesized to be an initial entry point for SARS-CoV-2, given the
localization of ACE2 receptors to the motile cilia [265]. Furthermore, an in vitro animal
model study has also shown that SARS-CoV-2 may disrupt epithelial cilia [400]. It is
therefore possible that the potential disruption of cilia by SARS-CoV-2 may result in ciliary
dysfunction, thereby contributing to increased microbial burden. Respiration complications
of COVID-19 may also be associated with the lack of mucosal clearance. Together this
suggests, COVID-19 patients may present phenotypically with secondary ciliary dyskinesia.
Our results suggest that infection with the SARS-CoV-2 virus and subsequent COVID-19
disease results in significant changes in the lung microbiome. COVID-19 positive patients
exhibit increased microbial burden and dysbiosis, evident from a microbiome profile distinct
from NC controls. This is consistent with the results from Shen and colleagues [445], where
a larger proportion of microbial reads were assigned to COVID-19 positive patients. The
dominant bacterial phyla found are consistent with those commonly found in the lung [382],
though at different proportions than observed here. In particular, we see a larger proportion
of Proteobacteria overall, and a higher proportion of Bacteroidetes in COVID-19 samples. An
increase in the proportion of Proteobacteria has previously been observed after a rhinovirus
infection, though together with a decrease in the proportion of Bacteroidetes [327]. Unlike
diversity profiles for gut dysbiosis, where higher diversity is generally associated with health,
no such clear distinction has been found previously in the respiratory tract [303]. Though,
even in the gut, there may be disease-specific microbiome profiles where a higher richness
may be associated with a disease state [220]. Given that our data is presence/absence data,
and not abundance data, our diversity estimates may instead reflect the taxonomic richness,
which would suggest that COVID-19 positive patients appear to exhibit higher lung microbial
richness, which is consistent with previous reports [185].
It is not clear whether immune-mediated, COVID-19-related symptoms result in a
microbial dysbiosis, or if the microbial presence itself exacerbates the underlying symptoms.
The microbes in COVID-19 patients are disproportionately higher in pathogenic potential,
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which may impact disease burden even if they are not the initial cause. Of the potential
pathogenic taxa found significantly associated with COVID-19 patients, we found members of
the Mucuromycota class of environmental fungi which are known to cause the Mucormycosis.
Mucormycosis is normally a very rare infection affecting immune compromised individuals
[62]. Cases of Mucormycosis have recently been reported in COVID-19 patients and may
contribute to an increased risk of mortality [131, 53]. A marked increased prevalence of
Mucormycosis has also been reported among COVID-19 cases in India [449]. Furthermore,
through a set-based analysis we see that the incidence of putative respiratory pathogens
are enriched in COVID-19 patients and correlate highly with gene profiles depicting a
compromised injury response, dysfunctional neutrophil activation, disrupted cell structure,
and an under-expressed down regulation of granulytic immunity. Together, these suggest an
association between inflammation, lung injury, cell-structure, and opportunistic pathogens.
A growing body of research has shown that cytoskeleton assembly plays an important role in
the immune response; with viral pathogens having the capacity to alter host-cell cytoskeleton
structure [332, 329, 106]. Furthermore, the cytoskeleton may also play an important role
in epithelial permeability in the lung and gut; thereby pathogen invasion and inflammation
[402]. Pulmonary inflammation is a well-known characteristic of ARDS and a major concern
in COVID-19 pathology [37]. It is therefore important to understand potential contributing
factors to inflammation in severe COVID-19 patients and improve patient outcome. Acute
lung injury is a common complication of ventilation and patients suffering from ARDS,
with an appropriate epithelial repair response important in promoting survival [446]. Our
results show the potential of a dysregulated neutrophil inflammatory response. Neutrophil
heterogeneity has been extensively studied in patients with COVID-19, both in the blood
and lung. However, there is still a lot to understand on the role that neutrophils may play in
COVID-19. Nevertheless, a comprehensive study of myeloid cells found that severe COVID19 patients exhibit an dysfunctional neutrophil response [433]. Interestingly, a dysregulated
neutrophil defense may lead to a selective response to pathogens in patients with ARDS
[300]. Furthermore, an impaired mucosal clearance defense is also a major risk-factor for
ARDS and opportunistic infections by pathogens [58].
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Beyond just pathogen potential, the lower-respiratory microbiome may also play an
important role in regulating the inflammatory response [436, 531].

Though, our cell

type analysis exhibited some contradiction to previous findings of single-cell data analyses
regarding pDC mediated inflammation in COVID-19, the gene-expression enrichment agree
with previous COVID-19 BAL studies. This suggests caution in interpreting the cell type
estimates from bulk RNASeq data or that the pDC associated response to COVID-19 may be
more complex. Nevertheless, the cell-type information provides some evidence of potential
immune dysfunction and acute lung injury. Furthermore, our gene expression functional
module analyses indicate that both barrier (mucociliary clearance) and innate immunity
(immune regulation and activation) may be compromised. In addition, we observed the
under-expression of macrophage markers CD68, CD14, both of which are implicated in
microbial clearance [384, 173]. Microbial clearance is thus negatively impacted by both
the lack of mechanical cilia-associated clearance, and innate immune responses. From our
results there are some immune-related genes that are over-expressed, though a much larger
set of genes are under-expressed. A systems biology approach, in a larger study design, may
provide more information how these opposing signals may impact overall immune function.
However, it does appear as though the overall defense responses to bacterial, fungal, and
viral pathogens may be impeded. This is consistent with clinical findings [388] where it
was found that COVID-19 patients may exhibit severe immune dysregulation. A further
potential complication of inadequate defense response and increased microbial burden is
ARDS and sepsis [272, 284, 232]. In our gene expression analysis, we find a shared gene profile
enriched for sepsis. Given that a common complication of COVID-19 is ARDS and sepsis,
we suspect that the microbial burden may impact disease progression [77, 573]. Overall
this immune dysfunction is likely to be a major contributing factor for the high microbial
diversity in COVID-19 positive patients. The lack of an effective immune response, and
efficient clearance, may increase the likelihood of microbial immigration into the lung from
the environment. Our results show a significant overlap of bacteria found in the gut, or
lower respiratory system of COVID-19 positive patients, with epidermal-associated bacteria.
This suggests that the environment may be the likely source of microbial diversity in the
lungs of COVID-19 positive patients. Interestingly, to our knowledge no study has thus far
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investigated microbial overlap between epidermal, gut, and lower respiratory track samples.
There is however evidence of the association between epidermal, gut, and lung microbial
dysbiosis and skin diseases, respectively [577].

Therefore, the shared microbial profile

between compartments and systems may be an important factor towards understanding
disease dynamics.
SARS-CoV-2-induced COVID-19 disease presents with a complicated pathogenicity.
Our results suggest that SARS-CoV-2 has the potential to gain entry into motile cilia, a
significant component of mucosal clearance, compromising this crucial innate immune defense
in COVID-19 patients. The sequestering of microbes by mucins, with a lack of effective
clearance, may increase patient vulnerability to environmental opportunistic pathogens. The
resultant increase in microbial burden may be an important factor to consider in patient
disease burden and outcome. The exact nature of the potential immune dysfunction is
essential in understanding COVID-19 disease progression, though more extensive case-control
studies may be necessary.
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3.5

Supplemental Information

3.5.1

Supplemental Tables

See the accompanied Excel document SupplementalTables.xlsx for information on the
supplementary tables for this chapter.
• Supplementary Table 1: Sample information
• Supplementary Table 2: Differential mucosal gene set
• Supplementary Table 3: Read mapping of samples
• Supplementary Table 4: Differential genes for immune function analysis
• Supplementary Table 5: Clinical information for samples
• Supplementary Table 6: GO Biological Terms for under-expressed genes in gene cluster
20
• Supplementary Table 7: GO Biological Terms for under-expressed genes in gene cluster
23
• Supplementary Table 8: Correlation ratio clusters and their members
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3.5.2

Supplemental Figures

A

B

Supplemental Figure 3.6: Number of taxa detected per sample. The number of taxa at
any taxa resolution detected across the COVID-19 BAL and non-COVID-19 BAL control
samples. The red box indicates a sample that is a clear outlier, where this sample was
discarded from the analysis.
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Supplemental Figure 3.7: Bacterial taxa overlap among COVID-19 samples. The number
of respective genera and family level taxa found across COVID-19 upper respiratory, lower
respiratory, and gut samples.
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Supplemental Figure 3.8: Overlap of COVID-19 bacterial taxa with the Human
Microbiome Project. Genera level taxa detected across the COVID-19 samples per system
and their respective overlap with taxa listed in the Human Microbiome Project (HMB).
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Supplemental Figure 3.9: Normalized cell-count enrichment scores for immune related
cells.
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Supplemental Figure 3.10: Correlation ratio cluster network and GO enrichment.
The network of connected gene and taxa clusters with a high average correlation ratio
between their respective members. The green node shows statistically significant Fisher
Exact enrichment of aggregated family level incidence for COVID-19 status (FDR < 0.01),
restricting to taxa present in both COVID-19 positive and NC control samples. Only two
gene clusters showed significant GO Biological Process terms for differentially expressed
genes, these genes were all under-expressed in COVID-19 samples compared to NC control.
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Abstract
Plants play host to a plethora of microbes and must therefore utilize
various mechanisms to manage this interaction, an interaction that impacts
plant health and development.

It is therefore important to understand the

host factors that play an important role in influencing the plant microbiome.
Here we utilize population level information of Populus trichocarpa in a genome
wide association study (GWAS). Leveraging the bacterial and fungal microbial
community from both leaf and xylem samples as phenotypes, we identify potential
phytohormone antagonism associated with microbial diversity and putatively
influential members of the microbial community.

Furthermore, we observe

cross-kingdom associations over both tissues, further highlighting potential
mechanisms involved in cross talk between defense and growth pathways.
Our analysis provides a number of conceptual models that serve as biological
hypotheses to improve the understanding of host-associated control of microbial
populations.
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4.1

Introduction

A diverse community of microorganisms inhabit plants and interact with the host,
environment, and among themselves. The nature of this microbial community’s interaction
plays a pivotal role in the functioning and development of the plant itself [117]. An improved
understanding of the composition of the microbiome and the host-associated mechanisms
that govern it allows for the development of genetic tools impacting bioenergy feedstocks
development, sustainability, phytoremediation, and agriculture.
The development of high-throughput technologies facilitates the ability to study microbial
populations and plant biology at scale.

The integration of information from these

various technologies allows for a systems level understanding of plant-microbial interactions.
Population level variant detection in plants has allowed for genome wide association studies
(GWAS) and thereby the understanding of mechanisms involved in complex developmental
and economically relevant traits [503, 568, 177].

A number of GWAS on microbial

phenotypes have also been performed in plants, though they have predominantly considered
individual microbes [38]. Only a few studies have investigated community level association
[195, 511, 404, 46]. Of these studies, several have been performed in roots, and have
predominantly considered bacteria. Interestingly, a study in Arabidopsis thaliana highlighted
the importance of cross-kingdom and cross-compartment associations, in addition to the
heritablity of microbial richness [46].
Bacteria have exhibited the capacity to exploit fungal community members to assist in
their own colonization [360]. Interestingly, particular fungal communities have also displayed
significant enrichment for certain bacterial taxonomic groups [496, 345].

Furthermore,

influential members of the microbiome have been strongly associated with large shifts in
the whole microbial community structure [9]. Research has also shown that not only does
host genotype play an important role in microbial community structure, but that this may
vary depending on the plant tissue itself [507]. There is also evidence to suggest a functional
concordance amongst the tissue specific microbiomes in plants [29]. Together, these further
stress the importance of investigating a diverse microbial community comprising multiple
kingdoms across tissues.
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To provide a systems level understanding of the plant microbial community interactions
we integrate metatranscriptomes from leaf and xylem together with genome variant
information from Populus trichocarpa, a bioenergy feedstock and tree model species.
Employing population level information, we perform a genome wide association study
(GWAS) using microbial phenotypes comprising both bacteria and fungi. In particular we
investigate host-mechanisms that may influence microbial diversity in the respective tissues.
Thereby, generating actionable hypotheses of putative plant-microbe interactions for further
study.

4.2
4.2.1

Materials and Methods
Bioinformatics

We processed and analysed publicly available total RNA-Seq data for leaf and xylem tissues
of Populus tricocharpa genotypes [566]. Trimming and read quality filtering was performed
using Cutadapt [305]. The reads were then aligned to the P. trichocarpa v3.0 reference [491],
using STAR [116]. Unmapped reads were analyzed as potential metatranscriptome samples
(see Taxonomic Identification). For each respective tissue, reads that mapped to the reference
were converted to a gene count matrix, using the P. tricocarpa version 3 genome annotations
from Phytozome [491]. Normalization to account for technical biases was performed using
the TMM normalization approach implemented in edgeR [401]. Genes that did not have
a total raw read count of at least 200 reads across 10% of the population were discarded.
The genotypes were then filtered to those that were common in both tissue samples, had
single-nucleotide polymorphisms (SNP) calls (see Genome-wide association analysis), and
had taxa present (see Outlier filtering of taxa).

4.2.2

Taxonomic Identification

Taxonomic assignment was performed using a modified version of the kmer-based approach
Kraken2, [529], where modification include parallelism and improved scaling (see Figure
4.1 for an outline). We compiled our own databases (kmer length of 35), comprising all
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publicly available genomes from NCBI (January 2018). These genomes were processed
into 101 databases, using the computing capacity at the Oak Ridge Leadership Computing
Facility (OLCF). The taxonomic diversity included genomes from a wide variety of kingdoms.
Genomes for known sequencing contaminants, such as PhiX174 [465] , were included in the
database, to allow the taxonomic assignment algorithm to filter out potential contaminant
reads not captured by other prepossessing steps. Those reads that have been classified into
taxa from the respective xylem and leaf samples were combined into two respective tissue
specific genotype-taxa matrices, values indicating taxa occurrences. Classification of taxa
were aggregated to the genus level, to partially mitigate database biases. Taxa that were
not present across the population, with a relative abundance of at least 1%, were discarded.
Sequencing bias was mitigated by per sample normalization. The per taxa values were then
scaled to ensure that all taxa were within the same range, allowing for a fair comparison
between respective taxa and between respective tissues.

4.2.3

Outlier filtering of taxa

We applied a data partitioning approach to mitigate the potential for modeling false-positives
originating from low relative abundance values and technical variability. Metatranscriptomic
data are very sparse, here xylem consisted of approximately 58% zero values, while leaf had
approximately 61%. Therefore, we applied a model-based strategy instead of a metric based
approach to partition the respective taxa, for each respective tissue, based on their relative
abundance across the genotypes. The model, an adaptation of the work by [576], and [78],
considers scale independent information among taxa, in addition to efficiently modeling
information derived from second order interactions between genotypes, producing an outlier
score per taxa, while simultaneously allowing the model to learn an appropriate threshold
for this score.
Scale independent relationships were considered by using feature engineering in the input
data. The input data in this case is the transpose of the genotype-taxa matrix, such that taxa
are variables in the row space, and the features therefore represent the genotypes (columns
of the matrix). The feature engineering comprised a one-hot encoding of genotype vectors,
based on the approach of soft discretization, discussed in [576]. Here each genotype vector is
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partitioned into φ + 2 bins (φ=10) and we categorize taxa occurrence values based on these
bins. We derived bins for each individual taxa, based on the mean and standard deviation
of the relative abundance values for that taxa, across all genotypes. The categorization
is then one-hot encoded, such that additional binary vectors (features) are added for each
categorization.
We modeled the second order interactions between samples using Factorization Machines
(FM) [396]. This approach allowed for efficient scalable approximation of the interaction
terms. The entire model is implemented in PyTorch, where the feature engineered data is
projected into a dense embedding using a linear layer with dropout and a non-linear ELU
activation function. A FM layer followed the dense embedding with a non-linear tanhshrink
activation, which resulted in a scalar value per taxa, called an outlier score, which captures
the taxa’s position with respect to the hyperplane. The model then learned a threshold,
representing the offset of the hyperplane by using a custom loss function, allowing the model
to partition a taxa as either above or below the hyperplane. We trained the model using
Skorch, with a 80/20 train/validation split for 50 epochs. Validation loss showed convergence
near the 50th epoch. We repeated the process 100 times, getting a range of offset and
prediction values per taxa. We classified taxa as above (below) the hyperplane if its median
prediction value was greater (less) than the median offset value. After outlier filtering,
genotypes were also filtered for downstream analyses, such that only genotypes that had
both leaf and xylem taxa were considered for diversity comparisons, resulting in 433 leaf and
xylem genotypes.

4.2.4

Compositional Analysis

We performed a compositional analysis of the taxa identified in leaf and xylem tissue
using the skbio package in Python. To ensure a fair comparison we selected for the same
set of genotypes across the two tissues, this resulted in a set of 433 genotypes for both
leaf and xylem tissues. For the diversity estimates we sought to determine the richness
of the presence of taxa within each tissue sample and also mitigate potential technical
biases, owing to the sequencing protocol. Therefore, we binarized the normalized data
to presence/absence at the genus level. We then performed the diversity analyses at a
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Figure 4.1: An outline of the ParaKraken pipeline along with the outlier removal process.
We find that taxa that are classified above the learned hyperplane have a higher standard
deviation, higher relative abundance, and lower coefficient of variation (higher signal-to-noise
ratio).
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respective taxonomic level (kingdom, phylum, class, order, family, and genus) by aggregating
the binarized data to that level. We estimated the significant statistical differences between
the alpha diversity estimates of the leaf and xylem tissue samples, using the ManWhitneyU test with a significance threshold of 0.01. Beta-diversity estimates, for between tissues,
were performed on the Bray-Curtis dissimilarity of the data aggregated to the respective
taxonomic levels, with significant differences assessed using a PERMANOVA pseudo F-test
at a 0.01 significance level. We also sought to determine if there are specific taxonomic
differences between the two tissues.

Therefore, for the richness aggregated to a given

taxonomic level, we determined whether the specific taxa aggregated counts were significantly
different between tissues using the ManWhitney-U test, using a 0.01 significance level.

4.2.5

Genome-wide association analysis

Microbial taxa that were retained from the outlier filtering step were pre-processed as
phenotypes for a genome-wide association analysis (GWAS) using a mixed linear model
implemented in GEMMA [574]. Single nucleotide polymorphisms (SNPs) from 882 Populus
tricocharpa genotypes were obtained from [489]. We filtered the original ≈ 28 million
SNPs, for the highest confidence GATK called tranche and applied a minor-allele frequency
threshold of 0.01, which resulted in 9, 130, 151 SNPs. The estimate of the kinship matrix for
GEMMA was derived from a linkage-disequilibrium (LD) pruned SNP set calculated over a
10kb window and applying a threshold of 0.5 using plink1.9 [385, 160, 79].
We performed a principle component regression to mitigate the bias associated with
the sparsity of the phenotypes and the potential for the confounding factor of population
structure. The first 10 PCA components were calculated from the MAF thresholded SNP
set using plink1.9 and used as features. The regression was performed using a general
linear model (GLM) implemented in the Python statsmodel package, with a 0.01 threshold
of significance. The model was refit on those PCA components that were significant and
the residuals served as the phenotype in the GWAS. A total of 1323 xylem taxa and 652
leaf taxa were analysed. The residual phenotypes all had a significant (p-value < 0.01)
positive Pearson correlation with their original relative abundance values. The GWAS
analysis was performed using a custom Python MPI wrapper on the Oak Ridge Leadership
82

and Computing Facility Andes cluster. We stored the results in an ADIOS2 database and
used a two-stage Benjamini-Hochberg correction for the false-discovery rate (FDR < 1e − 5)
[167, 44]. We filtered the significant results for those SNPs that were found within a gene
boundary and discarded those residing on scaffolds. The final results were then visualized as
taxa to gene associations in a Cytoscape v3.8.1 network and conceptual models generated
using biorender.com [441].

4.3
4.3.1

Results
Diverse taxonomic profiles from leaf and xylem.

We leveraged the additional information captured by bulk RNAseq data by identifying
a broad taxonomic range from the non-host RNAseq data for respective leaf and xylem
samples of P. trichocarpa. We extracted bulk RNAseq samples from leaf and xylem tissue
of 433 P. trichocarpa genotypes. For the reads that did not align to the reference, we
performed taxonomic classification using ParaKraken and accounted for potential outlier
taxa (see Methods), focusing our analyses on those taxa classified as either archaeal, fungal,
or bacterial.
In terms of prevalence, there is a clear dominance of bacterial taxa. At the kingdom level,
this appears to correlate with the prevalence of bacteria in the underlying database. However,
at the phylum and class level, this correlation becomes less apparent. Xylem samples, when
compared to leaf, have a higher prevalence of bacteria, while leaf has a higher prevalence of
fungi. The dominant bacterial phyla level taxa for both leaf and xylem are Proteobacteria,
Firmicutes, Actinobacteria, and Bacteroidetes. For fungal taxa we find a large fraction of
Ascomycota, and Basidomycota.
At each respective taxonomic resolutions, we observe a difference between the alpha
diversity of leaf and xylem (see Figure 4.2). From the Shannon alpha-diversity measurements,
xylem is less diverse than leaf at the kingdom and class level (ManWhitney-U p-values
< 0.01). Using the Simpsons measurement we observe that xylem diversity is lower than
leaf at all taxonomic levels apart from genus (ManWhitney-U p-values < 0.01). Together
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Figure 4.2: Taxonomic richness and diversity for leaf and xylem samples. Simpson
and Shannon alpha diversity measurements were tested for significant differences using
ManWhitney-U test (p-value < 0.01), with significant differences marked with an asterix.
The barplots indicate the proportion of the respective leaf and xylem samples classified for
the given phyla, restricting the plot to the top 5 phyla for bacteria and fungi, respectively.
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these suggest that xylem taxa are less evenly distributed, and may have more rare taxa when
compared to leaf.
We find significant differences in the taxonomic beta diversity between tissues for the
same set of genotypes, identified at the kingdom level, when comparing leaf and xylem
(PERMANOVA pseudo-F ≈ 20.44, p-value < 0.01). Taxonomic beta diversity differences
between the tissues also increased at lower taxonomic resolutions.

From the principle

component ordination analysis (PCoA) using the Bray-Curtis dissimilarity metric we see
a distinct separation by tissue after outlier removal, at the order, family, and genus levels
(see Figure 4.3). Tissue also explains approximated 19.26% of the variance at the genus level.
Together these suggest clear tissue specific diversity differences, as expected. Furthermore,
the outlier removal analyses appears to filter the taxa into a cleaner partitioning of tissue
samples. The process also provides a set of diverse taxa with a higher signal-to-noise ratio,
higher variability, and higher relative abundance across the population (see Figure 4.1).

4.3.2

Genomic factors associated with the phyllosphere

We use the relative abundance of the microbial taxa, for each tissue, as phenotypes in a
genome wide association study (GWAS) of P. trichocarpa after preprocessing (Methods).
We annotated significant (FDR < 1e − 5) single nucleotide polymorphisms (SNPs) with a
gene if the SNP was within the respective gene’s boundary. The functional profile of the
genes are interpreted based on their respective MapMan annotation and best ortholog match.
From the results we observe, leaf samples with 34 taxa with significant gene associations
(11 bacteria and 23 fungi) while xylem has 93 significant taxa (40 bacteria and 53 fungi).
Together the associations involved 435 genes (304 unique to xylem, 105 unique to leaf, and
26 in both tissues). For both tissues the largest bacterial phylum was Proteobacteria and the
largest fungal phylum was Ascomycota, followed by Basidomycota. We combine the tissue
specific GWAS results into a network visualization to investigate the connected components
and their taxa-gene associations. The network partitions into 86 connected components.
Given the large number of components we investigate a subset of them.
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Figure 4.3: PCoA analysis for leaf and xylem samples using the Bray-Curtis dissimilarity
of taxa aggregated to different taxonomic resolutions.
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Figure 4.4: Conceptual models of GWAS results of taxa to gene associations, derived from
the functional annotation of the genes. Icons indicate whether the associations were found
in leaf or xylem tissues. The influential bacterial taxa is a member of the Comamonadaceae
family
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Phytohormone cross-kingdom associations
The largest connected component in the GWAS network consisted mainly of xylem associations with a single bacteria Verminephrobacter, a member of the Comamonadaceae family,
and 8 fungal taxa Cutaneotrichosporon, Gaeumannomyces, Kluyveromyces, Mycosphaerella,
Rutstroemia, Saccharomyces, Schizosaccharomyces, and Trichosporon. We observe that the
Verminephrobacter taxa node serves as a central hub node in the component. Interestingly,
the Comamonadaceae family has previously been isolated from plant soil, and has been
shown to be metabolically adaptable, can potentially negatively impact fungal pathogens,
and can control microbial community structure [10, 297, 123].
Putatively influential taxa community member associated to phytohormone
pathways
The putatively influential bacterial taxa of the Comamonadaceae family, has the largest
number of gene associations. We report on the annotation profile of a subset of these genes
(see the Comamonadaceae Model in Figure 4.4). In the gene set we find a histone demethylase
(JMJ28; Potri.011G041400) and an ethylene response factor (ERF3; Potri.001G356100).
Where JMJ28 can interact with the ethylene pathway through the FBH transcription
factor [209, 14]. We also find a DNAJ heatshock N-terminal domain containing protein
(Potri.009G018400), a GATA transcription factor (GATA26; Potri.001G151700), and an
abscisic acid (ABA) catabolism protein (CYP707A; Potri.009G033900). Previous work has
shown that DNAJ-like proteins are associated with the ABA phytohormone pathway [414].
While the GATA transcription factor may be implicated in several phytohormone pathways
[191, 242]. We also observe genes associated with the auxin phytohormone pathway, such as
a cellulose synthase (CSLG3; Potri.003G142300), a senescence-associated gene 12 (SAG12;
Potri.004G055900), a growth associated enhancer of RNAi (ERI1; Potri.001G030900), and
a basic helix-loop-helix (bHLH) LONESOME HIGHWAY gene (LHW; Potri.001G216900)
[322, 347]. Interestingly, we also find a WD40 repeat-like encoding gene (Potri.007G041000),
where bHLH proteins can form a MYB-bHLH-WD40 complex that is involved in salicylic
acid (SA) mediated fungal pathogen defense [493]. Furthermore, we observe a gene involved
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in cross-talk between phytohormone pathways, namely an allantoin transport gene, ureide
permease 2 (UPS2; Potri.008G095500). UPS2 mediates transport of the uracil analogue
5-FU, thereby influencing cross-talk between ABA and JA [428, 230]. In addition, we
also find several genes that may associate with ubiquitination-proteosome activity, such
as a membrane-anchored ubiquitin-fold protein (MUB4; Potri.001G325900), UBX domain
containing protein (PUX10; Potri.003G145200), F-box family protein (Potri.006G212600),
and a cyclin-dependent kinase (CDKB1; Potri.016G142800). Previous work has shown that
CDKB1 is involved in degradation of the fungal elictor Cryptogein [348]. Together the gene
profile suggests an association between a putatively influential bacterial taxa and a diverse
profile of phytohormone pathways along with the potential for pathway antagonism.
Yeast associated gene profiles exhibit tissue and phyla differences
For the fungal taxa in the aforementioned component we observe two separate groupings of yeasts with xylem associations, the Basidiomycota yeasts, Trichosporon and
Cutaneotrichosporon group separately from the Ascomycota yeasts, Schizosaccharomyces
and Saccharomyces.

We find that the gene associations of the Basidiomycota and

Ascomycota yeasts in xylem have distinct functional profiles (see the Ascomycota and
Basidiomycota Models in Figure 4.4). For Basidiomycota the associated set comprises genes
involved in epigenetic transcription regulation (NFY-C10; Potri.009G012300), chromatin
remodeling (CHR12; Potri.008G149900), gibberellin signalling (2OG; Potri.006G248000),
flavonol secondary metabolism (SRG1; Potri.001G355100), a pectin lyase-like encoding gene
(Potri.003G139100), and B-BOX DOMAIN PROTEIN 12 (BBX12; Potri.001G323500),
among others.

Previous work has implicated NFY-C10 in plant-pathogen interaction,

the flavonoid pathway in fungal pathogen resistance, and the B-box protein family as
potential regulators of biotic stress [561, 571, 153].

Furthermore, CHR12 is involved

in epigenetic regulation and interacts with SNF2 which is a major regulator of the
gibberellin phytohormone pathway [377, 350]. We find that the Ascomycota yeast associate
with a sparser gene set comprising a glutamate receptor (GLR3.3; Potri.002G007400),
a circadian rhythm Myb transcription factor (LUX/PCL1; Potri.001G243600), a RNA
polymerase (NRPA2; Potri.001G030700), and a gene encoding a P-loop containing nucleoside
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triphosphate hydrolase ( GET3A; Potri.014G078100).

Interestingly, previous work has

implicated LUX/PCL1 in a temporal defense response and a key regulator of the jasmonic
acid phythormone pathway response [248, 570]. The GET3A hydrolase may also play a
role in systemic resistance through its impact on the abundance of SNARE proteins such as
SYP123 [539, 403].Furthermore, the glutamate receptor GLR3.3 is also important for PAMP
response [304].
In leaf, we find that Cutaneotrichosporon, and Kluyveromyces, a Ascomycota phylum
yeast, share a single gene association. The shared gene, a leucine-rich repeat receptor kinase
(LRRK; Potri.006G111100), is significant in both tissues, and is also one of the highest degree
genes in the component. The other gene with the highest degree is the aforementioned pectin
lyase-like encoding gene (Potri.003G139100), which only associates in xylem. LRR-RKs are
important for microbial recognition by the plant, and pectin plays an important role in
plant-pathogen dynamics [233, 289].
Together, these suggest that different phytohormone pathways and downstream signalling
cascades may associate in a tissue specific manner to respective yeast phyla.
Diverse defense pathways associate with putative pathogens
The second largest network component consists mostly of leaf associations with four fungi and
two bacteria. Two of the fungi are from the Pucciniales order, Puccinia and Austropuccinia,
with Austropuccinia associating significantly in xylem while Puccinia has a significant
association in both tissues. Both taxa are rust pathogens and belong to the same order
as the P. trichocarpa rust pathogen Melansphora [512]. The other two fungal taxa are
from the Chaetothyriales order, Cladophialophora and Phialophora, both members of the
Herpotrichiellaceae family, and both with leaf associations. With Phialophora characterized
as a plant pathogen exhibiting genotype-dependent leaf symptoms in soy [301]. Finally the
two bacteria are Pseudothermotoga and a member of the Microcoleaceae family (see the
Leaf Herpotrichiellaceae and Microcoleaceae Model in Figure 4.5). Interestingly, Puccinia,
Cladophialophora, Phialophora, and Microcoleaceae all associate in leaf with a gene annotated
as a flavonoid transporter (DTX35; Potri.012G144900) and a serine protease inhibitor
(SERPIN; Potri.014G036000). Previous work has implicated a SERPIN in modulating the
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RD21 mediated cell death response, where RD21 is induced by fungal ellictors [196, 411].
We also find Cladophialophora, Phialophora, Puccinia , and Microcoleaceae associate to
a gene encoding a cullin (CUL1; Potri.008G224100), where CUL1 mediates the response
between the jasmonic acid (JA) and auxin phytohormone pathways. Previous work has
shown that CUL1 is critical for the JA response pathway, where JA is involved in plant
defense response [395, 165]. We also find significant associations to a phytanoyl-CoA dioxygenase (PhyH; Potri.006G222800) and a Cytochrome P450 (CYP71B23; Potri.008G223500).
Previous work has found that PhyH and CYP71B23 are involved in infection mediated
senescence and cell-cycle response [129, 26]. The leaf associated gene set that is shared by
Puccinia and Microcoleaceae contains a methyl transferase (PRMT4B; Potri.008G222700),
chloroplast GTPase (TOC159; Potri.008G224900), a WD40 repeat-like protein encoding
gene (Potri.008G220800), and a hypersensitivity response (HR) like lesion-inducing protein
encoding gene (Potri.008G165200). Interestingly, TOC159 has been reported to control a
Gibberelin mediated signal for chloroplast biogenesis through cross-talk between the small
ubiquitin-related modifier (SUMO) pathway and the ubiquitin-proteasome pathway [440, 5].
While PRMT4B has been shown to suppress the oxidative stress response [296]. Together
these provide evidence of association between microbial abundance and host genes involved
in defense modulation and cell-cycle development.

4.3.3

Diversity phenotype

The multi-kingdom microbial associations to P. trichocarpa genes across tissues suggests
that there may be host genetic associations affecting microbial diversity. We therefore
used the Shannon diversity index estimates at the family and genus level, respectively, as
phenotypes for GWAS. After correcting for multiple hypothesis bias (FDR < 1e − 5) we
find that the family level and genera level have a set of significant associations that are
shared across tissues (see the Diversity Phenotype Model in Figure 4.5). The set comprises
genes encoding a NB-ARC disease resistance protein (RPM1; Potri.003G099000), an absisic
acid biosynthesis protein (AAO3; Potri.004G191300), a ribosome protein involved in early
cell fate determination and programmed cell death (RPL18; Potri.005G023500) [536, 547],
a metal ion transport protein (ATHMP52; Potri.016G006600), and the ALWAYS EARLY 3
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Figure 4.5: Conceptual models of GWAS results of taxa to gene associations, derived from
the functional annotation of the genes. Icons indicate whether the associations were found
in leaf or xylem tissues. The influential fungal taxa represents fungi from the Pleosporales
order. The diversity phenotype represents significant associations to the Shannon diversity
measure.
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(ALY3; Potri.008G216600 ) encoding gene. Previous work determined that ALY3 serves as
a mRNA exporter and is required for growth and development [375]. The xylem association
shared by the family and genera level diversity phenotype corresponds to a gene encoding
a ortholog to a Berberine bridge enzyme-like protein (AtBBE-like 28; Potri.011G162800).
Interestingly, previous work has found that BBE-like enzymes oxidise oligogalacturonides,
which are involved in DAMP mediated defense response, and through this oxidation controls
the plant’s growth-defense response tradeoff [140, 40]. Furthermore, we find AtBBE-like 28
also associated with a member of the fungal order Pleosporales. Members of this order have
been shown to be influential species in microbial communities [580, 85]. We find several
other fungal only components that contain members of the Pleosporales order. In one of
these we observe putative plant pathogens Pyrenochaeta and Pseudopyrenochaeta (see the
Pleosporales Model in Figure 4.5). These taxa associated with a gene profile comprising a
DNAJ heat shock protein family encoding gene (Potri.008g194000), cell redox homeostasis
encoding gene (TH8; Potri.008g194100), photorespiration gene (Potri.009g163100), and a
lysine-ketoglutarate reductase/saccharopine dehydrogenase bifunctional enzyme (LKR/SDH
Potri.006g134200). The genes in this profile are all involved in biotic and abiotic stress
responses [22, 414, 564]. An additional Pleosporales associated component contains the
genera level taxa Aschochyta, Paraphaeosphaeria, and Xylaria, a putative plant endophyte
of the Xylariales order. The gene profile of this component contained different DNAJ
heat shock protein encoding gene (Potri.007G135900), a leucine-rich repeat receptor like
kinase (Potri.006G014000), brassinosteroid biosynthetic enzyme involved in growth (STE1;
Potri.017G116600), a putative ABA receptor (GCL1; Potri.007G096500), and Nitrilase
4 encoding gene (NIT4; Potri.006G207700).

Previous work on the nitrilase family in

Arabidopsis thaliana suggests NIT4 is involved in pathogen defense [87]. Together these
results indicate that microbial diversity may be influenced by specific host mechanism
controlling the exchange between growth and defense, potentially through receptor mediated
phytohormone antagonism.
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Figure 4.6: Combined view of the conceptual models of GWAS associations. Genes
are colored to indicate which model they were significantly associated with, overlapping
gene boxes indicate the same gene. Dotted lines indicate connections between function or
pathways.
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4.4

Discussion

The ability to perform taxonomic classification at scale on large sample sets allows us
to get closer to understanding the true diversity of the phytobiome. This is critical to
begin to reason about plant-microbial interaction, including understanding the community
interaction, and structure; thereby the functional role of the whole microbiome. Consistent
with previous findings of other plant species, we observed that the bacterial phyla in the
phyllosphere is dominated by Proteobacteria, Firmicutes, Acidobacteria, and Bacteroidetes
taxa. While the fungal phyllosphere exhibits predominantly fungi of the Ascomycota and
Basidiomycota phyla [486]. We further observe clear tissue level effects on the microbial
diversity, as expected. By filtering for putative noise and taking into account the proportion
of taxa at the phylum level, assessing the dominance of taxa through the Simpson index, we
find that leaf samples have a higher dominance index compared to xylem. This suggests that
leaf tissue has fewer though more abundant taxa compared to xylem. While the opposite
association is found when assessing diversity using Shannon, whereby xylem appears to
be more diverse than leaf at the phylum level. Interestingly, in a fungal endophyte study
comparing leaf endophytes to sapwood in rubber trees a similar association was found [161].
However, to our knowledge this pattern has not yet been observed for both bacteria and
fungi.
An increasing body of research is focused on the migration of microbes from the root
to the leaves, though none appear to have compared leaf and xylem microbial diversity
and the associated host mechanisms involved. Here we show that there is evidence that
the microbial diversity in leaf and xylem are associated with a NB-ARC domain protein,
a phytohormone pathway (ABA-pathway), a growth protein, and a cell-death response
protein. We also show that the diversity associated gene-profile is partially associated with
the potentially influential taxa belonging to the Pleosporales order. Previous work has
investigated the role that NB-ARC domains play in pathogen recognition and immune signal
modulation [354, 7]. Almost all phytohormones have some role in plant-microbe interaction.
In particular the ABA-pathway has been implicated as a negative regulator of plant defense
through its phytohormone antagonism of SA and JA pathways [310, 134]. Furthermore
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a common observation in plant microbial interaction is the trade-off between growth and
defense responses, where apoptosis is a well known defense response. Interestingly, it seems
that the SA pathway and its antagonism may play an important role in this growth-defense
balance [67]. In addition, there is literature evidence to suggest that microbial endophytes
may mitigate this trade-off [36]. However, the mechanisms underlying this growth-defense
interaction on a microbial community level is poorly understood. Our work therefore provides
insight into putative genes and regulators that may influence the microbial community
diversity across tissues and highlights the potential importance of influential taxa in this
interaction.
Here we show that the putatively influential taxa of the Comamonadaceae bacterial family
associates with the ABA-pathway, thereby suggesting a role in phytohormone antagonism.
We also find that the taxa associates with the SA defense pathway, the ethylene associated
growth pathway, and the ubiquitin mediated cell death response pathway. Interestingly,
our results show that the Comamonadaceae taxa and its gene-profile are in a connected
component with both fungal and bacterial taxa, thereby providing evidence for shared crosskingdom host mechanisms. In particular, the SA mediated defense response associated
with the bacterial Comamonadaceae taxa has been implicated in fungal defense response.
Furthermore, the cyclin-dependent kinase (CDKB1) associating with the taxa has been
shown together with the ubiquitin pathway to be involved in cell-fate determination and
CDKB1 itself implicated in the degradation of fungal elicitors [224, 348]. The ubiquitin
pathway is well known for its importance in regulating plant immunity [487]. We therefore
provide a set of putative host-associated mechanisms that may be leveraged by a influential
taxa in a community to influence cross-kingdom microbial community through defense
modulation and pathway antagonism.
Fungal taxa have been shown to be antagonistic to pathogens in the plant microbial
community, with a potentially important genotype effect [127, 65]. In particular, yeasts
have emerged as potential biocontrol agents for pathogen antagonism [459, 81]. We find in
xylem that two different phyla of yeast associate with different downstream host mechanisms
with a shared microbial recognition receptor, a LRR-RK. In leaf the Ascomycota and
Basidomycota yeasts also share the same LRR-RK, though we find no significant evidence
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to elucidate a potential downstream host functional profile. Interestingly, the Basidomycota
yeast have a host-associated gene profile in xylem suggesting fungal pathogen resistance
through the flavonoid pathway, epigenetic regulation of plant-pathogen interaction through
NFY-C10, and regulation of plant growth through SNF2 and the gibberelin (GA) pathway.
While the Ascomycota yeasts in xylem exhibit a profile involving systemic resistance
through the GET3A hydrolase, a JA pathway temporal defense through LUX/PCL1, and
a PAMP defense response through the glutamate receptor GLR3.3. Phytohormone crosstalk involving the JA and gibberlin pathway play an important role in regulating both
plant growth and defense [197, 550]. Interestingly, experimental results have shown that coculturing with Ascomycota yeasts appears to promote plant growth more than Basidiomycota
yeasts [468, 139].

It is unclear what mechanisms may differentiate the two phyla in

promoting plant growth. However, our results elucidate important mechanisms to consider
when studying yeast-associated plant growth and defense phenotypes, such as the interplay
between JA and GA pathways.
Interestingly, our results in leaf show that putative bacterial and fungal pathogens are
associated with the JA pathway through CUL1 and GA-associated chloroplast biogenesis
through TOC159. Interestingly, TOC159 mediates this biogenesis through the ubiquitinproteasome pathway by means of SUMO [440, 5]. Together suggestion that the cross-talk
between JA and GA may be important for plant-pathogen interaction and the defense growth
trade-off.

4.5

Acknowledgements

This research used resources of the Oak Ridge Leadership Computing Facility, which is a
DOE Office of Science User Facility supported under Contract DE-AC05-00OR22725. This
research used resources of the Compute and Data Environment for Science (CADES) at the
Oak Ridge National Laboratory.
This research was also supported by the Plant-Microbe Interfaces Scientific Focus
Area (http://pmi.ornl.gov) in the Genomic Science Program, the Office of Biological and
Environmental Research (BER) in the U.S. Department of Energy Office of Science, and
97

by the Department of Energy, Laboratory Directed Research and Development funding
(ProjectID 8321) at the Oak Ridge National Laboratory. Oak Ridge National Laboratory is
managed by UT-Battelle, LLC, for the US DOE under contract DE-AC05-00OR22725.
The Poplar GWAS and expression data was supported by The BioEnergy Science
Center (BESC) and The Center for Bioenergy Innovation (CBI). U.S. Department of
Energy Bioenergy Research Centers supported by the Office of Biological and Environmental
Research in the DOE Office of Science The Poplar GWAS Project used resources of the Oak
Ridge Leadership Computing Facility and the Compute and Data Environment for Science
at Oak Ridge National Laboratory, which is supported by the Office of Science of the U.S.
Department of Energy under Contract No. DE-AC05-00OR22725. The work conducted by
the U.S. Department of Energy Joint Genome Institute is supported by the Office of Science
of the U.S. Department of Energy under Contract No. DE-AC02-05CH11231.

98

Chapter 5
Alkene Defense Associated Leaf
Mycobiome in P.trichocarpa
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Abstract
The foliar microbiome of plant leaves serves at the intersection between the
plant and environment and may play a pivotal role in plant adaptation. It is
therefore important to understand the plant mechanisms that may influence the
constituents of this community and what role these play in barrier immunity.
Traditional studies have primarily considered the role of bacteria, however fungi
are emerging as important members impacting plant health and development.
Therefore, we investigate host mechanism of Populus trichocarpa that may
associate with members of the mycobiome using a genome wide association
study (GWAS). In particular, given the important role of alekene production
in P. trichocarpa with regards to cuticle formation, an important component
of barrier immunity, we investigate fungi that may select for genomic variation
related to alkenes. We find that Dioszegia, an influential species, associates
100

with genomic variance near the PotriKCS genes involved in alekene production.
Furthermore, we find that Dioszegia presents with putative antagonisms to
members of mycobiome. In particular a member of the Ramularia genera. The
association of these phenotypes across the genome suggests an important role
of phytohormone antagonisms and different putative trophic lifestyles to the
respective fungi. Together our analysis hypothesizes host associated mechanisms
involved in mycobiome selection and potential abiotic stress adaptation.

5.1

Introduction

Plants are sessile by nature and are therefore highly reliant on a variety of mechanisms to
interact with their environment. These mechanisms are under constant selective pressure
not just from the environment but also from microbes. Furthermore, a significant challenge
for bioenergy feedstocks and food crops is the expanding threat of drought [102]. The
phyllopshere microbiome has been shown to mitigate the impact of drought stress and
facilitate improved yield in plants [442]. The interaction of the leaf barrier with both abiotic
and biotic stresses is therefore important for the sustainability of bioenergy feedstocks and
food crops.
At the interface between the plant and some of these selective pressures, the plant
leaves are covered by a thin waxy film known as a cuticle. This film provides a barrier
to prevent water loss and also plays a role in the defense against insects and pathogens.
In Populus trichocarpa, an important bioenergy feedstock, it was shown that these cuticles
consist primarily of alkenes [170]. In P. trichocarpa, the final step in the elongation of very
long chain fatty acids (VLCF) to form alkenes is performed by enzymes encoded in the KCS
gene region.
Evidence indicates that genes in the KCS region originate from tandem duplication,
suggesting that alkene production is under selection to maintain plasticity [170].

The

natural variation in alkene concentrations across the P. trichocarpa population revealed
great variability in wax composition among accessions and even among leaves within a single
accession, confirming the potential for local adaptation and plasticity of cuticle wax observed
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in other species [170, 553]. This suggests that alkene plus (AP) genotypes, those exhibiting
a higher level of alkene production, and alkene minus (AM) genotypes, those exhibiting a
lower level of alkene production, may mitigate both abiotic drought and biotic stress.
Previous studies concerned with the role of microbial communities in the phyllosphere
under drought conditions have primarily considered the role of bacteria. Furthermore,
these studies have been performed from the perspective of community dynamics and
composition under various conditions. Given the central role of alkene production in cuticle
wax biosynthesis of P. trichocarpa and thereby their interface at biotic and abiotic stress
tolerance, it is important to understand both genetic and environmental effects involved.
Here we sought to understand the associated mechanism inherent in P. trichocarpa that may
influence leaf fungal association given a dry environment. We therefore leverage population
level information using fungal microbial leaf taxa sampled from the Boardman, Oregon
common garden, a dry environment, as phenotypes in a genome wide association study
(GWAS). In particular, we determine if there are any taxa that are strongly associated with
the previously observed variability in PotriKCS and alkene production in P. tricocharpa.
Furthermore, what host mechanism may associate to the relative abundance of these taxa
across the population.

5.2

Material and Methods

Alkene Genotype Determination
To categorize the P. trichocarpa genotypes included in this study according to alkene
production level, we adopted the criteria for ”alkene plus” (AP) and ”alkene minus” (AM)
as defined by Gonzales-Vigil et. al. (2017) [170]. We applied these categories to our data
set using a series of three analyses. First, we transferred the AM/AP classifications assigned
by Gonzales-Vigil et. al. (2017) to overlapping genotypes in our study. Second, we analyzed
leaf metabolite concentrations for the alkenes Z-9-heptacosene and Z-9-pentacosene, which
were previously assayed as described in Weighill et. al. (2018) [521]. Using these data,
we rank ordered and plotted genotypes by alkene concentrations to compare the AM/AP
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genotypes to the uncategorized genotypes. Lastly, we analyzed leaf RNAseq expression data
previously collected as described in Zhang et. al. (2018) [567]. A clustered expression
heatmap of the eight P. trichocarpa genes present in the KCS region [170] was created using
the Python (v3.6.2) package Seaborn (v0.8.0; https://seaborn.pydata.org/index.html). The
”clustermap” function was implemented using a Euclidean distance matrix, the ”average”
cluster linkage method, and Z-score standardization of the expression data.

AM/AP

designations and alkene concentration data were mapped onto the clustermap to visualize
correspondence with expression-based clusters.

Cluster results were utilized to assign

unclassified genotypes to AM or AP groups.

Fungal ITS and Sequencing
Sampling and DNA Extraction
In September, 2017, we sampled leaves from 500 P. trichocarpa genotypes which had been
growing in an established common garden in Boardman, OR. For each genotype, we randomly
selected three lower canopy branches, equidistantly spaced around each tree, and collected 1
mature leaf (leaf plastochron index 3) [61] from each branch. Leaves were immediately placed
on ice and then transported to Oregon State University where they were stored at 4 ◦ C for
no more that 48 hrs during processing. In order to remove loosely adhering particles (e.g.,
spores, hyphal fragments), leaves were manually agitated in ddH2 O with 0.1% Triton-X for
1 minute, followed by three serial 30-second washes in ddH2 O. Immediately after washing, a
standard hole punch (cleaned with ethanol between each sample) was used to collect three
leaf disks from each leaf (9 total) directly into a 1.5 ml micro-centrifuge tube. Leaf disks
were then frozen at −20 ◦ C. Total genomic DNA was extracted from frozen leaf disks by
bead-beating in CTAB lysis buffer using a Geno/Grinder® and purifying DNA using the
OPS Diagnostics SYNERGY™ 96 Well Plant DNA Extraction Kit.
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Amplicon Library Preparation
We prepared amplicon libraries for Illumina MiSeq using a dual indexed two-stage PCR
approach that targeted the ITS2 region.

In the first PCR, reactions included target-

specific gene primers ITS3 kyo1 [482] and ITS4 [524], fused with partial Illumina sequencing
adapters separated by a 3-6 bp degenerate length-heterogeneity spacer [294]. To inhibit
co-amplification of host nrDNA, we included a peptide nucleotide acid oligo blocker (PNA
clamp) at a final concentration of 1 µM [100]. The initial PCR was carried out in 25 µl
reactions using Bioline MiFi 2x Master Mix, 0.5 µM of each primer, 5 µl of template DNA,
and a thermocycling program consisting of an initial denaturing and enzyme activation
cycle at 95 ◦ C (3 min.), 28 cycles of 95 ◦ C (30 sec.), 78 ◦ C (5 sec.), 50 ◦ C (30 sec.), and
72 ◦ C (30 sec.), followed by a final elongation cycle at 72 ◦ C (5 min). For the second PCR
reaction, we used primers that targeted the partial Illumina sequencing adapters added
during stage-one, adding the P5 and P7 Illumina adapters and 8-mer multiplexing barcodes
[182]. Stage-two PCR was carried out in 25 µl reactions with Kappa Hi-Fi 2x Master Mix, 1
µl of the stage-one PCR product as template, 0.5 µM primers, and a thermocycler program
consisting of an initial cycle of 95 ◦ C (1 min.), 8 cycles of 95 ◦ C (20 sec.), 55 ◦ C (20
sec.), and 72 ◦ C (30 sec.), followed by a final elongation cycle at 72 ◦ C (5 min). Final
PCR products were cleaned and normalized using Just-a-Plate 96-well normalization and
purification plates (Charm Biotech), then pooled and sent to the Oregon State University
Center for Genome Research and Biocomputing for 250-bp paired-end sequencing on the
Illumina MiSeq platform. The raw data has been publicly archived on the NCBI Sequence
Read Archive (BioProject PRJNA646276).
Bioinformatics and Quality Control
Sequences were demultiplexed with Pheniqs v2.0.4 [150], using a phred-adjusted maximum
likelihood confidence threshold of 0.995. Gene primers and length heterogeneity spacers were
removed from the 5’ ends of the paired reads using cutadapt v1.18 [306], discarding reads
with gene primers not found in the expected positions. The 3’ ends were then trimmed
to remove “read-through” contamination using SeqPurge [466]. Following trimming, reads
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were filtered at a maximum expected error rate of 2-bp, denoised, and filtered of putative
chimeras using DADA2 [69]. Conserved domains flanking the ITS region were trimmed from
the denoised sequence variants using ITSx [42] and then collapsed to operational taxonomic
units (OTUs) at 99% similarity using agglomerative, single-linkage clustering implemented
with DECIPHER [530]. Host contamination was removed by mapping the resulting OTUs
against the P. trichocarpa v3.0 genome [490] using Bowtie2 [260]. Taxonomic predictions
for the remaining OTUs were carried out using the DADA2 implementation of the RDP
Classifier [518] and the UNITE v8.1 fungal database [256].
OTU Preprocessing and Alkene Community Analysis
Fungal OTU samples were collected from Boardman in 2017 during the late season stage.
The OTU counts were normalized to account for library size biases and then scaled to
produce relative abundance values. The data was then analyzed using an unsupervised deep
learning algorithm, implemented in PyTorch, to partition the data into two parts. The
model involves a feature engineering step where each genotype vector is duplicated then
binarized to capture information on the distribution of values for the respective genotype. A
Factorization Machine layer [396] to capture second order interaction amongst the expanded
genotype vectors. Finally, fully connected layer is used with a tanhshrink activation function
to produce the outlier score. The threshold for the score is learned by the model using a
custom loss function. The partition of the OTU data that exhibited a more stable average
relative abundance and lower standard deviation were selected for further analysis, resulting
in 22 fungal OTUs measured over 428 genotypes.
A Generalized Linear Model (GLM) analysis was used with the taxa relative abundance
values as the independent variable. The model was used to remove potential population
structure associated phenotypic variance, in addition to mitigating biases associated with
the non-Gaussian distribution of the taxa values. Principle component analysis (PCA) using
PLINK (version 1.9) was used to extract the top 10 components of phenotypic variance,
which were used as covariates in the GLM. After the model fit was optimized by removing
non-significant PCA components from the regression (p-value > 0.05), the resulting residual
values for each taxa became the phenotype.
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The ordination and diversity analyses were performed using the scikit-bio package in
Python. For the alkene associated genotypes (see Alkene Genotype Determination). We
calculated both the Bray-Curtis dissimilarity measure, the weighted unifrac and unweighted
unifrac distance of the fungal microbiomes of poplar genotypes. For the unifrac distance we
were interested in whether taxonomic differences have an impact on beta diversity, therefore
we used the taxonomic tree during the calculation. These metrics were then used for a
principle co-ordinate ordination analysis (PCoA). Furthermore, a PERMANOVA analysis
was used to determine significant differences attributed to alkene status (alkene minus ”AM”
vs alkene plus ”AP”) of the genotypes.
We converted the relative abundance fungal OTU data to incidence data over the alkene
genotypes. An OTU was marked as present in a genotype if it had a positive relative
abundance and absent otherwise. The binary incidence data was then used as a feature
matrix in a gradient boosted tree machine learning algorithm (CatBoost) [119], performing
classification against the AP and AM genotype labels and optimizing for the log-loss. Class
imbalance bias was accounted for using a positive scale weight and accuracy assessed using
the weighted F-beta score (β = 0.5). A 3-fold cross-validation strategy was employed
to assess generalization, with an average F-beta accuracy of ≈ 0.8172. Furthermore, an
ensemble model approach was applied, using the same parameters, to perform uncertainty
quantification on the model. We used the RMSEWithUncertainty loss function to assess data
uncertainty, the variability in prediction, while leveraging multiple models with the same
parameters trained over samples from the data to assess knowledge uncertainty. Finally, the
importance of taxa in discriminating between AP and AM genotypes was assessed on the best
performing cross-validated model using the SHAP python package [295]. The importance
assessment using SHAP provides both degree of importance for a taxa (by aggregating the
absolute value of SHAP values) and direction (the sign and distribution of SHAP values).

Genome Wide Association Analysis
Filtering the 28 million SNPs called across the P. trichocarpa population for the highest
confidence set, and using a minor allele frequence (MAF) threshold of 0.01, we obtained a
set of ≈ 3×106 SNPs. We used a linear mixed-model approach implemented in GEMMA, for
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estimating SNP-to-phenotype association, applying the score test to assess significance. A
relaxed false-discovery rate threshold (FDR < 1e − 03) was applied. Significant associations
that corresponded with the KCS gene region (Figure 5.1) were selected. This resulted
in a single taxa from the Boardman, Oregon late stage garden, namely a Basidomycota
yeast belonging to the Dioszegia genus. Furthermore, we selected taxa that may have
a potentially antagonistic association to the Dioszegia OTU, based on their Bray-Curtis
dissimilarity (> 0.8) of relative abundance values across the genotypes in the same garden.
Of these putative antagonists we found Ramularia eucalypti and Neoascochyta graminicola
had significant GWAS associations. The association to the significant SNPs for the respective
taxa were annotated with genes based on their closest chromosomal proximity with the
respective significant SNPs.

These genes were then analyzed for biological hypothesis

generation (conceptual models were generated using biorender.com).
Random Walk with Restart And Conceptual Models
We explored the potential biological narrative around the gene sets from the GWAS
analysis by including additional information from multiple gene focused networks. These
networks compromise associations between genes from algorithmic or experimental sources
and represent extant knowledge. We used the Random Walk with Restart algorithm across
this multiplex network [257, 497]. The algorithm approximates the stationary distribution
by viewing the multiplex network as the transition probabilities of a Markov Chain. This
distribution provides us with a similarity measure between a starting set of genes (seed
genes, the GWAS genes in our case), and all other genes in the genome (ranked genes)
based on their topological distance over all the respective networks. We use an iterative
process to remove genes with the lowest mutual rank from the other seed genes, dividing
the seeds into a reject set and an active set. A Kolmogorov-Smirnov (KS) test is used to
determine if there are significant differences between the respective active/reject set and
the uniform distribution. The iterations that resulted in significant differences between
the active set and the uniform distribution (p-value < 0.001), but not the reject set and
the uniform distribution, were flagged for potential stopping criteria. The final stopping
criteria was determined such that, the iteration corresponded to sizes of active/reject set
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Figure 5.1: Alkene genome wide association study (GWAS) information. (top-left)
Diagram of the alkene region of Populus trichocarpa from [170]. (bottom-left) Manhattan
plot of the Dioszegia GWAS results indicating the alkene associated SNP. The red-line
corresponse to a q-value of 0.03. (right) QQ-plot of GWAS results for Dioszegia and
Ramularia euclypti.
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were comparable and the −log10 p-value of the KS test for the active peaked. This results in
15 genes for the Dioszegia phenotype and 27 genes for the Ramularia phenotype. The gene
set associated to the Neoascochyta phenotype originally comprised 2 genes and therefore
was not filtered using the RWR ranks. Each gene for the respective phenotypes were then
annotated using mercator to obtain MapMan annotations as well as leveraged literature
evidence [288]. These were collated into biological conceptual models.

5.3

Results

Alkene Genotype Determination
Fifty-five genotypes in our study overlapped with those in Gonzales-Vigil et. al. (2017)
and were labelled alkene minus (AM) and alkene plus (AP) [170]. These genotypes were
used as a reference set to guide classification of the remaining 800 genotypes in the data
set.

When genotypes in our data set were rank ordered by Z-9-heptacosene and Z-9-

pentacosene concentrations, AM/AP labeled genotypes formed two distinct groups with
the exception of three outliers with an ambiguous grouping and were therefore discarded.
In contrast, the rank order of uncategorized genotypes formed a gradient that spanned
the AM and AP labeled values, with no distinct break in the distribution by which they
could be unequivocally categorized. The clustering of the leaf expression data identified
two major clusters that corresponded with expression of PotriKCS1 (Potri.010G079500.1)
and PotriKCS2 (Potri.010G079400.1), removing ambigiously classified genotypes as outliers.
Interestingly, these outlier genotypes were the same as those removed from the alkene
concentration rank order analysis. The clustering from the concentration and expression
analysis were compared to the reference set, and exhibited a high degree of correspondence.
Genotypes were down-selected to include only those having both metabolite and RNAseq
data, and were then assigned an alkene status label according to cluster membership: cluster
1 contained genotypes consistent with an AM classification (96n) and cluster 2 contained
genotypes consistent with an AP classification (339n)
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5.3.1

Alkene Diversity Association

We sought to determine if the alkene-associated genotypes could explain the structure
inherent in the leaf relative abundance fungal OTU data. Of the genotypes that had OTUs
measured, 83 had an estimated alkene status. We calculate the unweighted unifrac distance
of taxa observed over these genotypes and found that alkene status did show significance
in terms of beta diversity using a PERMANOVA test (p-value < 0.05). Furthermore, we
observe partial separation of the alkene plus (AP) and alkene minus (AM) genotypes using a
principle co-ordinate analysis (PCoA). From the PCoA, the centroid of the respective AP and
AM genotypes for several of the first 17 co-ordinates show differences between AP and AM
genotypes. The first 16 co-ordinates collectively explain up to ≈ 95.08% of the variance, and
the proportion of the variance explained decays quite slowly (see Figure 5.2). Interestingly,
using the Bray-Curtis dissimilarity measure and the weighted unifrac distance, we found no
significant differences between AP and AM genotypes (p-value > 0.05). Furthermore, we
found no significant differences between AM and AP genotypes when comparing Shannon
diversity and Simpson’s Index (MannWhitney U test p-value > 0.05). Together these suggest
that the fungal community differences between AP and AM genotypes may be attributed to
small niche differences rather than overall compositional or broad community shifts. There
also appears to be insufficient evidence to conclude that the differences may be attributed
to dominance or diversity.
Niche differences of fungi between AP and AM genotypes
Given the complexity of the global variance structure and the indication that there may be
niche differences between the fungal community of AP and AM genotypes, we investigated
the contribution that the incidence of each individual fungal OTU may have in predicting
alkene status. We therefore applied a CatBoost classification model using the fungal OTU
incidence data as features and the alkene status of the genotypes as a response variable.
A 3-fold cross-validation strategy resulted in an average weighted F-beta score of ≈ 0.8795
(β = 0.5). To assess confidence in the model’s prediction we performed an uncertainty
quantification analysis (see Figure 5.3). The knowledge uncertainty of the model remained
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Figure 5.2: Diversity analysis of fungi associated to alkene genotypes. (left) PCoA plot
of the unweighted unifrac distance between alkene genotype samples, using a taxonomy
tree. (bottom-right) Percentage variance explained for the principle components from the
PCoA analysis. (top-right) Alpha diversity analysis between alkene genotype samples, no
significant differences found for either Shannon index or Simpson’s index (MannWhitney U
test, p=value > 0.05).
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consistently very low over the genotypes (mean 0.000229 ± 0.000302). With data uncertainty
remaining low, though showing some variability (mean 0.086727 ± 0.037055) and model
confidence remained high (mean 0.982192 ± 0.009987 ). The resulting high performance
model suggests a strong association between fungal microbial incidence and the alkene
phenotype. Given the model we then performed a SHAP analysis to quantify the impact
that each fungal OTU may have in this association. The important fungal taxa are shown in
Figure. We find that the most important taxa in predicting alkene status is the pathogenic
fungus belonging to the Botrytis genera, followed by a member of the Pleosporales order.
Several members of the Pleosporales order are prevalent in the top 10 predictive taxa.
Interestingly, the direction of the association varies, with some associated more with alkene
minus genotypes, such as those belonging to the genera Neoaschocyta and Comoclathris.
While a Pleosporales taxa that is a member of the Phaeosphaeriaceae family associates more
with alkene positive genotypes, and other Pleosporales exhibit no clear signal. Together
these results suggest that taxa of the order Pleosporales may play an important role in alkene
associated community structure, though the nature of their association may be complex and
dependent on differences attributed to members in a lower taxonomic resolution.

5.3.2

Dioszegia associates with auxin phytohormone antagonism

The association between individual fungal taxa and alkene genotypes suggests a potential
alkene associated genotype effect on fungal relative abundance. We therefore performed a
GWAS on the entire population of genotypes that had OTU measurements (428 genotypes)
in the Boardman common garden. Of the respective taxa only Dioszegia, Ramularia euclypti,
and Neoascochyta graminicola had significant GWAS associations. For N. graminicola we
only had a single SNP associate in an intergenic region between a myb domain protein
containing gene (MYB93; Potri.005G164900) and a small organ gene involved in cell division
(SMO2; Potri.005G165000). For the other two taxa we see a richer set of gene associations,
see Figure 5.4 for a graphical overview.
Within the top taxa that are estimated to predict alkene status Dioszegia (13th) appears
to have a positive correlation with alkene status, where the presence of Dioszegia appear
to be predictive of alkene positive status. Furthermore, the GWAS indicated a significant
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Figure 5.3: CatBoost analyses predicting alkene genotype status from fungal taxa
incidence. (top) Ranked taxa importance in model prediction. Positive SHAP values
associate with an AP prediction, while negative with an AM prediction. Colors indicate
the presence/absence of taxa. (bottom left) Uncertainty quantification of CatBoost model
indicating high confidence in model prediction and low uncertainty. (bottom right) Confusion
boxplot summary of SHAP values. Target indicate true alkene status, while prediction
indicate model outcome.
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a signaling transduction cascade involving cuticle modification and the putative interplay
between growth and defense phytohormone pathways.

5.3.3

Ramularia euclypti associates with abscisic acid (ABA)
phytohormone antagonism

From the co-occurence and GWAS analyses we find that Ramularia euclypti has a high BrayCurtis dissimilarity with Dioszegia (0.983) and significant GWAS associations (FDR < 1e −
03). Furthermore, Ramularia euclypti is within the top important taxa that are predictive
of alkene status, where the presence of R. euclypti appears to predict alkene minus status.
To understand the putative host mechanisms that may associate with R. euclypti relative
abundance variability we investigated genes identified by GWAS. By filtering the GWAS
gene list for putative false-positives using RWR-filter, we obtained a high confidence gene
set. We investigated the putative function of these genes from their MapMan annotations.
We find an abscisic acid transporter (ABCG25; Potri.019g083000) which is implicated in
improving plant water use efficiency and controlling leaf abscisic acid (ABA) concentration
[254, 367, 255]. We also find a calcium-dependent protein kinase (CPK4; Potri.019g083200)
involved in positive ABA signalling [517].

Interestingly, CPK4 is one of four CPKs

that are essential for microbe associated molecular pattern (MAMP) triggered immunity
[57].

Furthermore, we find a leucine rich repeat receptor kinase (LRR-RK) encoding

gene (Potri.011g157600). Previous work has suggested that the A. thaliana homolog of
this LRR-RK (AT4G20790) interacts with the abscisic acid transporter ABCG22, thereby
potentially implicting the LRR-RK in recognition and signal transduction related to the
ABA pathway [318]. We also find an association with an OBF binding protein (OBP4;
015g048300) putatively involved in transcriptional regulation. In A. thaliana, OBP4 has been
implicated in influencing cell size and resulting in a dwarf phenotype [542]. Furthermore,
it appears to be regulated by the ABA pathway[412].

Interestingly, we also find an

association with a transcription factor that is part of the basic helix-loop-helic (bHLH) DNAbinding superfamily (bHLH68; Potri.018G083700). Previous work has shown bHLD68 to be
upregulated in powdery mildew infection and involved in ABA dependent drought response
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[261]. A member of the thioredoxin (TRX) superfamily, a protein disulfide isomerase-like
protein (PDIL5-2; Potri.019G082400 ), also had a significant gene association.

An A.

thaliana mutant experiment involving PDIL5-2 showed lower capacity to conserve water
during drought and exhibited ABA insensitivity [543].
We also see an association with a core component of a COMPASS complex (RbBp5;
Potri.001g305500). The complex is involved in histone trimethylation of H3k4 resulting in
H3K4me3 [222]. Interestingly, H3K4me3 plays an key role in a primed defense response as
well as transcriptional memory drought stress response [142].
A further methylation signal arises from the significant association with MORE SULFUR
ACCUMULATION1 (MSA1/SHM7; Potri.002G090200) involved in regulation of DNA
methylation as mutations in MSA1 affected global methylation [203]. In additiona MSA1
also regulates S-adenosylmethionine (SAM) biosynthesis [203], where SAM is required for
ethylene biosynthesis [424]. Furthermore, mutations in MSA1 also affects the accumulation
of Glutathione (GSH), where GSH plays an important role in plant-pathogen signalling
dynamics [175].
We also find associations with a phosphatidylinositol 4-phosphate 5-kinase enzyme
encoding gene (PIP5K; Potri.002g090300). Recent studies have shown the potentially central
role that phosphoinositide-signaling may play in plant systemic acquired resistance defense
response [208]. In particular, PIP5K has been implicated in actin-mediated fungal pathogen
defense [538].
There is a significant association to a gene encoding a protein involved in chromosome
synapsis during meotic recombination (ZYP1a; Potri.002G096300). In particular ZYP1a
is part of the synaptonemal complex.

Mutations in ZYP1 (encoded by ZYP1a and

ZYP1b) in A. thaliana have been implicated in crossover frequency, crossover interference,
heterochiasmy, and fertility [70, 145]. Furthermore, ZYP1 has also been implicated in
SUMOylation [83].
We also find an association to the gene encoding for TATA-Box Binding Protein
Associated Factor 5 (TAF5; Potri.006g263400 ). The regulatory protein TAF5 is part of the
central transcriptional regulator TFIID complex and the transcriptional coactivator SAGA
complex [330, 532]. Previous work has shown that TAF5 is essential for development and
115

growth [330]. Interestingly, the post-translational modifier SUMO-1 may also target TAF5
and thereby influence TFIID regulated transcription [60].
We observe a significant association with an auxin signalling gene (SAUR38; Potri.008g003900),
putatively involved in cell-elongation [239].

In addition, we find an association to an

proteasome regulator (PTRE1; Potri.016g103800). which has been shown to be necessary
for auxin signalling [548].
Associated to the salicylic acid (SA) pathway through the mediator complex we find a
gene encoding a protein involved in the splicesome (SMP1; Potri.015G048200). Previous
work has shown that SMP1 affects the transcription associated with cell proliferation and
cell cycle arrest and may interact with MED14 [93]. The regulation of cell proliferation is
mediated by SWP/MED14 where MED14 forms part of the tail of the mediator complex,
which is required for SAR defense, and involved in SA defense responses [569].

5.4

Discussion

The fungal foliar community of P. trichocarpa in the Boardman common garden shows
distinct host associated mechanisms associating to putative biotroph and necrotroph fungi.
The community itself is rich in putatively influential fungi, such as Dioszegia and members
of the Pleosporales order. With members of the community showing individual incidence
correlated with either AP or AM genotypes.

Biotrophic potential of Dioszegia
As we describe below, our evidence suggests that Dioszegia may be biotrophic. In plants
biotrophic defense is generally associated with the SA pathway. Therefore, suppression of
the SA mediated defense may facilitate fungal invasion. From the GWAS we see a significant
association between SAUL1 and Dioszegia. Previous work has found that SAUL1 is involved
in PAMP defense, where the SA and JA pathways are both required for PAMP [483, 181].
Furthermore, SAUL1 is involved in pathway antagonism between auxin and SA. With SA
known to suppress auxin and thereby promote defense [514]. Plant auxin also appears to
be required for hemibiotrophic susceptibility [115]. The putative involvement of the auxin
116

Figure 5.4: Conceptual model of GWAS results for (top) Dioszegia and (bottom) Ramularia
euclypti
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pathway and Dioszegia is further supported by the GWAS link to IIL1 and PAI1 both of
which are precursors of the auxin biosynthetic and signalling pathways. We also find an
association with ESMD1 which may play role in facilitating JA accumulation, where JA is a
known SA antagonist. Together this would suggest that genotypes with alleles indicating a
compromised SA/JA defense along with non-suppressed auxin level may facilitate Dioszegia
as a biotroph or hemi-biotroph.
Apart from the potential phytohormone associations, Dioszegia may enjoy other benefits
to aid in colonization of P trichocarpa leaves. The SHAP analyses revealed that the presence
of Dioszegia is predictive of alkene positive genotypes. These genotypes exhibit a potentially
more robust cuticle than their alkene minus counterparts. Traditionally, the cuticle serves as
a barrier defense against pathogens. However, we observe a GWAS association of Dioszegia
to ESMD1. Where, apart from the aforementioned JA association, ESMD1 may also play a
role in cuticle permeability [290]. In addition, we know from previous studies that Dioszegia
is enzymatically active in cold environments and exhibits host species specificity in dry
environments [72, 581]. Thus, Dioszegia may benefit from both a temperature adaptation and
host associated advantage over its counterparts in the community. Interestingly, Dioszegia
has been implicated as an influential fungal species and a potential antagonist in the
microbial community [11]. Furthermore, Dioszegia has also been shown to have an effect on
microbial community structure as an initial colonizer in P. trichocarpa leaves [268]. The
GWAS association between Dioszegia and the AGP regulator APSE, together with the
phytohormone associations, may suggest a host associated mechanisms by which Dioszegia
may influence the microbial community with AGPs mediating beneficial/pathogenic plant
microbe interactions [343]. Together, these results suggest that Dioszegia may play an
important role in leaf microbial community structure in alkene positive plants.

Phytohormone interplay, sphingolipids and Ramularia
Globally Ramularia eculypti associates with several host species, however the taxonomy of
the members of this fungal species have been reclassified several times [500]. The lifestyle
of Ramularia has been assumed to be necrotrophic. Defense against necrotrophs is often
associated with JA signalling, compared to SA signalling which is often more likely involved in
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the defense against biotrophs. In general it also seems that programmed cell death mitigates
biotrophic invasion while increasing necrotrophic susceptability [166, 499]. Interestingly, in
plants, reactive oxygen species (ROS) mediated defense is also more readily used against
biotrophs, but the associated cell death increases the plant’s susceptability to necrotrophic
pathogens [34].
Obstructing the ABA pathway induces necrotrophic defense in plants, where ABA is also
a putative negative regulator of JA, SA, and ET fungal defense [470]. Furthermore, ABA
may also play a role in facilitating mutualism [463]. Our results show several lines of evidence
suggesting a role of ABA in Ramularia relative abundance across the population. We see
interactions from a microbial recognition point of view through CPK4, which is involved in
MAMP defense response and ABA signalling [57]. Furthermore, ABA transport is implicated
through the association with ABCG25 [254]. In addition, the downstream transcriptional
regulators influenced by ABA, namely OBP4 and bHLD68 [412, 261] were also GWAS
associations. It is well established that ABA serves a critical role in drought stress tolerance
[471]. It is therefore not surprising to see an ABA association in the dry environment of the
Boardman common garden. Interestingly, central to ABA and drought stress tolerance is
managing the concentration of ROS [20, 371]. There is also the implication that LRR-RK
associated with ABA signaling may regulate stomata and thereby modulate ROS [283, 319].
Therefore, it is interesting that we also find an association between Ramularia and a putative
ABA-associated LRR-RK, suggested to be involved in stomatal regulation.
We find an association between Ramularia and the auxin pathway through the auxin
response SAUR38 gene, putatively involved in cell elongation [239]. The mechanism of
SAUR38 are not well understood, however auxin induced cell elongation has been reported
to impact cell wall permeability, whereby ROS impacts auxin associated elongation in roots
[431, 226]. Furthermore, we observe a significant association between Ramularia and PTRE1,
which is required for auxin signalling and auxin-mediated suppression of the proteasome
[549]. As previously discussed, auxin may play a role in regulating biotrophic/necrotrophic
defense through suppression of the SA pathway. Interestingly, ethylene also associates with
broad necrotrophic defense in plants [49]. Thus, the association between Ramularia and the
ethylene pathway, through regulation of SAM by MSA1, may suggest a potential mechanism
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for shaping the microbial community. Given the strong association of Dioszegia and the
auxin pathway, the ABA-auxin interplay may suggest a host-associated mechanism for the
putative antagonism we observe between Ramularia and Dioszegia.
Previous work has implicated histone monoubiquitination 1 (HUB1) as a regulator of
necrotrophic defense in plants [108]. The mechanism of this defense may be attributed
to either the Mediator complex or the Paf1 complex, where Paf1 is required for h3
COMPASS-associated methylation [253]. In Dhawan et al 2009 HUB1 associated defense
was hypothesized to be through the Mediator complex. Interestingly, we find significant
associations between Ramularia that may impact both of these complexes, through SMP1
and RbBp5, respectively. In particular, RbBp5 is a central component of the COMPASS
complex which has a critical role in histone methylation associated gene-expression [223].
Though whether the RbBp5 association impacts the Paf1 complex is unclear. Furthermore,
with respect to the Mediator complex, SMP1 may interact with MED14, a critical component
of the complex [93]. These associations form intriguing hyptotheses about the role of Paf1
and Mediator complexes in Ramularia colonization that requires further study.
Our analysis also showed that the incidence of Ramularia is predictive of AM genotypes.
From the Gonzalesi-Vigil et. al 2017 study, AM plants appear to present with smaller
more densely arrayed stomata, are associated with colder mean annual temperature,
and it is suggested that the down regulation of the PotriKCS1 gene may induce more
sphingolipid biosynthesis, compared to their AP counterparts [170].

It has also been

suggested that sphingolipid metabolites act upstream of SA signalling and that it may
induce SA signalling through ROS [469]. Sphingolipids are also involved in regulating
ABA signalling, programmed cell death, signalling at low temperatures, and drought stress
tolerance [469, 274, 124, 104]. Together this suggests that investigating the role of Ramularia
relative abundance and sphingolipid signalling in P trichocarpa may be important.
Fungal community interactions involving a plant host are complex. The lifestyle of
the fungi and their interaction with the plant necessitates a response, which in turn may
influence the community structure. It is unclear to what extent fungal-fungal interactions
and fungal-host interactions shape the microbial community. However, what is clear is that
fungal adaptation to host defense, such as alkene gene regulation, cuticle wax composition,
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sphingolipids, and phytohormone antagonism may involve selecting for genetic variation in
the host. Together our results provide a rich set of biological hypotheses to improve our
understanding of the host phyllosphere.
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Chapter 6
Conclusion
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Systems biology offers a unique perspective towards an improved understanding of the
multi-faceted interactions of biological organisms. A critical component of this understanding
is leveraging multiple data sources. The tools we use to convert data to information provides
us with a particular view point of the biological system. It this integrated view that allows
for hypotheses to be generated and further experiments to be designed. In particular, we
know that humans and plants interact with a wide array of microbes. These interactions
can be deleterious or beneficial and thus have real world consequences for human health,
environmental sustainability, and bioenergy. The contributions outlined in this thesis allow
for an improved understanding of the nature of these interactions, both in humans and in
plants. The hypotheses presented by the conceptual models in this work provide a strategic
opportunity for actionable outcomes to impact disease, microbial community dynamics, and
bioenergy yield.
The study of the potential immune dysfunction in COVID-19 patients highlights the
complexity of pathogenesis surrounding viral infections. We find the potential of the virus to
disrupt innate and barrier immunity which may have lasting effects on patients. In particular,
with dysfunctional mucosal clearance there is the potential for microbial dysbiosis in the lung.
The shifts in microbial population may have distal effects throughout the body and thereby
cause other unforeseen impacts on health. The work here leverages tools designed to classify
a broad range of microbes from low count RNASeq data, thereby expanding the capacity of
a single data source to better understand a disease.
By leveraging the same toolset for broad scale classification of microbes we show that
methodologies developed in one system may be readily applied to another. In Chapter 3 we
therefore leverage the whole community of microbes classified, as phenotypes in a GWAS for a
prominent model organism and bioenergy feedstock, P. trichocarpa. The large scale analysis
allows us to determine if there are mechanisms in the plant host that may be under selective
pressure to influence the microbial community. Interestingly, there appears to be a common
set of plant host signalling receptors that associate with both fungi and bacteria. However,
there also appears to be diverse set of downstream signalling mechanisms that associate to
different phyla. Together, these highlight the potential for combinatorial signal processing
by the plant itself. Furthermore, this work highlights the important role phytohormone
123

antagonism may play in influencing microbial diversity. The resultant conceptual models
provided here are a rich resource of hypotheses that we can begin to design experiments for.
The potential of GWAS to uncover putative mechanisms that may be under selective
pressure can also be leveraged in a more targeted approach.

The work in Chapter

4 investigates leaf fungal OTUs that are at the interface between the plant and the
environment. Similar to humans, where the barrier immunity is the first point of contact
between microbes and host, there is also a barrier defense in plants. For P. trichocarpa, the
cuticle wax on leaves serve as this initial barrier, where the cuticle is rich in alkenes. The
GWAS revealed that the fungus, Dioszegia, putatively associating with the genes involved
in alkene production and may be biotrophic. Furthermore, that phytohormone crosstalk
may be involved in influencing the community structure. This work highlights an interesting
approach to begin to understand the potential of influential species in a microbiome, and
the role the plant host may play in determining microbial trophism.
Therefore, the work presented here provides insights into host microbial interaction.
Through this integrated view the methods here produce actionable hypotheses that further
our understanding of the importance of the host-microbiome interactions.
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T., Eberhardt, U., Dueñas, M., Grebenc, T., Griffith, G. W., Hartmann, M., Kirk, P. M.,
Kohout, P., Larsson, E., Lindahl, B. D., Lücking, R., Martı́n, M. P., Matheny, P. B.,
Nguyen, N. H., Niskanen, T., Oja, J., Peay, K. G., Peintner, U., Peterson, M., Põldmaa,
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Händler, K., Schultze, J. L., Aschenbrenner, A. C., Li, Y., Nattermann, J., Sawitzki, B.,
Saliba, A.-E., Sander, L. E., Angelov, A., Bals, R., Bartholomäus, A., Becker, A., Bezdan,
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Dŕjardin, A., DePamphilis, C., Detter, J., Dirks, B., Dubchak, I., Duplessis, S., Ehlting,
J., Ellis, B., Gendler, K., Goodstein, D., Gribskov, M., Grimwood, J., Groover, A., Gunter,
L., Hamberger, B., Heinze, B., Helariutta, Y., Henrissat, B., Holligan, D., Holt, R., Huang,
W., Islam-Faridi, N., Jones, S., Jones-Rhoades, M., Jorgensen, R., Joshi, C., Kangasjärvi,
J., Karlsson, J., Kelleher, C., Kirkpatrick, R., Kirst, M., Kohler, A., Kalluri, U., Larimer,
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